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Abstract 
YouTube has substantial impact on modern society as the second most popular website in the world. 
Despite its sustained popularity, little is known about which types of video are most viewed and the 
reasons why people choose to watch them. This research critically analyses the sample of videos 
provided by the YouTube API, then uses the metrics associated with these videos to help assess which 
types of YouTube video are popular. It also harnesses a questionnaire of mainly UK teacher education 
graduate YouTube users to investigate which factors influence decisions to watch YouTube videos. 
This was a convenience sample selected to achieve a high response rate, which it achieved (81%), 
minimising non-response bias. The video lists provided by the YouTube API were not random samples 
but contained a wide range of types of video (including both popular and unpopular), except that older 
videos were avoided. There were substantial differences between categories in the average properties 
of the videos returned and the proportion of videos returned on multiple days. The most popular 
categories from the YouTube metadata collected based on average view counts are varied: From TV, 
Best of, Animation and How-to. Cause-based video categories tended to be unpopular. Video 
popularity did not seem to be affected by video duration, on average. Users are more likely to interact 
with (comment, like, dislike) videos that are useful or supporting in some way. Videos that are 
interacted with more are not always more popular, with subject content affecting this relationship. In 
addition, high view counts associated with fewer likes, dislikes and comments per view, suggesting 
that indicators of popularity may not attract new viewers. The most popular categories with survey 
respondents were slightly different, partly reflecting their educational background (e.g., Education 
videos), and there were some (stereotypical) gender differences in the most popular categories. 
Respondents rarely believed that they were influenced by a video’s popularity or evidence of other 
users’ reactions to it when deciding to watch the video. Instead, they were most likely to be influenced 
by content-related factors, such as a video’s title and thumbnail picture. Despite previous research 
showing that people can be influenced by the opinions and watching habits of others, respondents 
claimed to be little influenced by this. Nevertheless, they frequently reported watching videos posted 
to Facebook, possibly trusting the person that posted the video. Thus, despite extensive discussion of 
various forms of viral information spreading, content, rather than popularity, is king in YouTube, 
although online word-of-mouth sharing through trusted relationships is also important. The main 
limitations of this research are that the data used may not be representative of YouTube and all UK 
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1 Introduction 
Many people watch a wide range of videos through social websites like YouTube, Vimeo, Dailymotion, 
Twitch and Bilibili. YouTube is the most influential video sharing site, having turned producing, 
watching and interacting with online videos into a mainstream activity (Khan, 2017; Duncan et al., 
2014; Alloway and Alloway, 2012; Eckler and Bolls, 2011). It is also the most popular video sharing 
website in the world and is the second most popular website of any type, behind only Google in overall 
popularity according to Alexa.com in December 2019 (Alexa, 2019). In addition, individual viral 
YouTube videos can be influential within society and social network groups (Frasco, 2014; Broxton et 
al., 2013). YouTube is therefore part of the lives of many people across the globe as well as a significant 
influence on culture and society. 
YouTube’s videos have also become a resource for research. Almost all YouTube research has focused 
on the content of YouTube videos around a defined issue, rather than on YouTube itself, however. 
Most studies have analysed YouTube videos from a humanities or social sciences perspective, 
including for the following topics. 
 Contemporary events and issues 
 Social problems, behaviours and interactions 
 Online behaviour 
 YouTube’s impact on society 
 Health 
 News and current affairs 
 Education and learning 
 Political issues 
 Collective responses 
 Audience partisanship 
 Academic impact 
(Klobas et al., 2019; Aytar et al., 2018; Kardas and Brien, 2018; Khan, 2017; Anthony 
et al., 2013; Snelson et al., 2012; Chenail, 2011; Lewis et al., 2011; Jang, 2011; Priem 
et al., 2011; Thorson, et al., 2010; Steinberg et al., 2010; Lange, 2007; Keelan et al., 
2007; Cunningham and Nichols, 2008) 
Despite the importance of YouTube for research and society, little is known about why individual 
YouTube videos are popular and which factors influence users when they are selecting videos to 
watch. These are important omissions for those creating and marketing on YouTube as well as for 
scholars seeking to understand the dynamics of the site. This thesis addresses these issues by analysing 
YouTube video popularity for a large collection of videos as well as by surveying a sample of users to 
discover the factors that they believe influence their watching decisions.  
1.1 Thesis Focus 
Although it is difficult to predict the popularity of a given YouTube video (Welbourne and Grant, 2016; 
Ahmed et al., 2013; Zink et al., 2009) this thesis investigates which video-related factors influence UK 
YouTube users when deciding to watch a video. There has been some research relating to video 
content and category popularity but no definitive answers about what makes a video popular within 
the YouTube website from the perspective of either the system or users. 
YouTube has an Applications Programming Interface (API) that allows researchers and others to access 
information about its videos automatically through a computer program. This API data is the only 
practical way to get information about many YouTube videos and so has become the default entry to 
YouTube for large scale research. Little is known about the sample returned by category searches from 
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the API, however, and so it is not clear whether it is reasonable to use it to investigate the site. 
Moreover, there does not appear to be any research that analyses and evaluates the sample of data 
extracted by the YouTube API system. This thesis investigates the YouTube API to understand its 
properties and any biases in the sample of videos returned by category searches in order to allow its 
subsequent use to investigate video popularity. 
This thesis focuses on a set of category search results from the YouTube API. Comparisons between 
identical queries submitted at different points in time were used to try to deduce the factors that 
influence YouTube when selecting videos to return from category searches. This data was then used 
to investigate properties of videos that associate with higher attention metrics (e.g., views, likes) and 
to assess which categories contain the most popular videos. 
A questionnaire was also used to get information about video popularity from the perspective of UK 
YouTube users to triangulate with the YouTube API data. YouTube users are not possible to survey 
from within the site and any general survey method designed to identify users, even from one country, 
would probably have a low response rate. This would generate a substantial non-response bias so that 
the results might reflect enthusiastic YouTubers rather than typical users. Thus, the questionnaire 
strategy instead targeted a narrow demographic of users to obtain a high response rate, minimising 
non-response bias. The survey used a convenience sample of UK people that work within education, 
mainly as teachers. 
1.2 Research Questions 
The primary aim is to identify which YouTube video categories are most popular and the factors that 
influence whether users will watch a YouTube video. In support of this, the first research question 
addresses the nature of the sample provided by YouTube searches via the API. This is important 
because it is a practical tool for generating a large sample of videos to investigate for popularity. The 
research questions are discussed and justified in Chapter 3. 
 RQ1: How does the YouTube API select the sample of videos that it returns for a category 
search? 
 RQ2: What is the age, length, and popularity of videos in each YouTube category and how do 
these vary between categories? 
The following questions address the popularity of videos based on their YouTube category and use 
data extracted from the YouTube API category searches. 
 RQ3: Which categories of YouTube video are the most popular? 
 RQ4: Which categories of YouTube video do users comment on most? 
 RQ5: How does the length, like count, dislike count and comment count of a YouTube video 
relate to its popularity? 
The following questions investigate the popularity of videos from the user perspective and are 
addressed with a survey. 
 RQ6: What are the main gender and age differences in the types of YouTube video that are 
the most popular? 
 RQ7: Which factors influence the decision to watch a YouTube video for different genders and 
ages? 
The final question draws on the two data sources (YouTube API category searches and survey) to 
obtain more general findings. 
 RQ8: What influences the decision to watch a YouTube video? 
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1.3 Contribution 
This thesis is situated within the emerging interdisciplinary literature of quantitative analysis of social 
media content. This literature draws on information science and computer science for methods and 
uses theoretical insights from media studies, psychology and sociology. The thesis generates and 
compares YouTube data and questionnaires to identify factors that influence the popularity of 
YouTube videos and decisions to watch them. The findings and conclusions of this research will be of 
relevance to YouTube influencers and content creators wanting to increase the popularity of their 
videos. It will give insights to people working in marketing, advertising, information services and 
political election campaigns, for example, about how they might gain an audience. Its insights into the 
factors behind video popularity will also help the YouTube research community by giving background 
information that can set the context for studies of individual topics on YouTube. 
1.4 Thesis Structure  
This thesis comprises ten chapters and is organised as follows. 
 Chapter 1 (Introduction): This presents a broad overview of the research, including YouTube, 
the sources and focus of the research, the contribution to the field, the structure of the thesis 
and the research questions.   
 Chapter 2 (Literature Review): This discusses popularity, increased online activity, sharing and 
online videos, the development and growth of YouTube, and a range of previous research 
focusing on YouTube. 
 Chapter 3 (Aims and Research Questions): This explains the aims of the research and justifies 
the research questions.  
 Chapter 4 (Methods): This explains and justifies the methods to generate and analyse the two 
data sets - category based searches using the main YouTube categories through its API and 
the development of a questionnaire to collect data from a convenience sample of web users. 
This chapter also discusses how the ethical considerations of the research were addressed. 
 Chapter 5 (YouTube API Category Search Result Changes Over Time): This analyses the two 
different searches used to extract data from YouTube and what type of sample the website’s 
API provides (Research question 1). 
 Chapter 6 (YouTube API Category Search Video Properties): This analyses the whole data 
sample collected from the YouTube API in relation to the metrics and popularity of videos 
across the categories and how these vary when compared (Research question 2). 
 Chapter 7 (YouTube Video Popularity, Interactions and Metric Impact): This analyses the 
whole data sample collected from the YouTube API focusing on the types of video that are 
most popular and have the most interaction from users. It also investigates how key metrics 
relate to YouTube video popularity – (Research questions 3, 4 and 5). 
 Chapter 8 (YouTube User Perspectives): This analyses the data collected from a UK YouTube 
user survey in relation to video popularity and user influence in gender, age and user level 
(Research questions 6 and 7).  
 Chapter 9 (YouTube Video Popularity): This compares and discusses the findings from 
Chapters 6, 7 and 8 in order to determine the overall key influences on user decisions to watch 
YouTube videos (Research question 8). 
 Chapter 10 (Conclusion): This addresses each of the research questions and demonstrates the 
key findings of the research (Research questions 1 to 8). 
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2 Literature Review 
This literature review covers three separate topics that are important for the goals of the thesis: 
popularity, online activity, and YouTube. 
2.1 Popularity 
This section discusses the concept of popularity, how things become popular and the ways in which 
popularity is disseminated through society and social groups. The term popularity has two different 
meanings, both of which are relevant to the thesis (merriam-webster.com, 2019). 
 Popular: “frequently encountered or widely accepted”. 
 Popular: “commonly liked or approved”. 
This thesis is primarily concerned with the first, and more specifically the first part of the first 
definition, frequently encountered. Thus, popular within this thesis primarily refers to “frequently 
encountered”, although, especially in YouTube, it can be expected that this type of popularity would 
be closely related to the other: widely watched videos would tend to be liked by viewers. For clarity, 
the two meanings will sometimes be referred to as “popularity (liked)” and “popularity (frequently 
encountered)” and the default meaning of the term is popularity (frequently encountered) unless 
clear from the context or explicitly stated. 
2.1.1 What is ‘Popularity’? 
Humans have always had a fascination with things within the world around them, having personal and 
specific preferences, tastes, opinions, wants, desires and social and cultural influences which lead to 
them making decisions about what they interact with (Akdeniz, 2014; Easley and Kleinberg, 2010). 
Because of these interactions some things gain greater levels of attention and could be referred to as 
being popular. 
The concept of popularity (liked) is a fluid social construction within social groups and therefore can 
only be understood and discussed within such a context. It can relate to a person, idea or item that is 
liked best within a social group (Akdeniz, 2014; Easley and Kleinberg, 2010). Within a social group, 
popularity may reflect a socially-determined consensus or an external objective measure of attention. 
Nevertheless, the greater attention, opinion and activity something receives, the more popular it is 
deemed to be by the group (Scott and Judge, 2009). It can be difficult to agree about what is ‘popular’ 
overall at a given time due to differing preferences. Popularity (frequently encountered) can 
sometimes be the product of peoples’ in-built nature to conform with others’ ideas, rather than 
reflecting average personal preferences (Eger, 2015; Boyd, 2014; Cialdini and Goldstein, 2004; 
Banerjee, 1992).  
There are many factors other than the quality of a product or artefact that influence its popularity, 
such as herding behaviours, word-of-mouth, information cascades, social groups, opinion makers, 
access and social networking (Eger, 2015; Easley and Kleinberg, 2010; Leskovec et al., 2006). Aristotle 
had three main principles in persuading members of society to share information with others:  
 Ethos relates to the credibility of the source of the information. The greater the level of trust 
someone has in the origin of the information the more likely they are to engage with and share 
it. 
 Pathos relates to the emotional appeal of the information. The greater the level of emotional 
engagement with the information the more likely someone will be to discuss and share it. 
 Logos relates to the logical structure of the information provided. If the information is suitably 
supported and contains persuasive reasoning, then people are more likely to share it. 
(Worthington, 2008) 
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2.1.2 Influencers 
Society is regularly guided about what is popular (in both senses) by influential people, the media, and 
advertising (Perrin, 2015). People may conform to the views of opinion leaders even if they disagree 
with them (Eger, 2015; Takacs et al., 2014). Nevertheless, things deemed inappropriate or censured 
by influential figures may still be liked by a minority in reaction to the leaders, helped by attention 
generated by the negative publicity (Akdeniz, 2014; Brack, 2013). This can act as a symbol of defiance 
because some people do not want to be told what to do (Yin et al., 2012). The power of the traditional 
media has declined, however, through the rise of alternative influencers, including those that operate 
almost exclusively through YouTube (Burnett, 2013; Kattimani et al., 2010, Zink et al., 2009). The web 
also allows easy access to a much wider range of content than before, with fewer restrictions, and the 
potential to access niche content and influencers that would previously have been difficult to find 
(Reka et al., 1999). Because of these online developments, web users now have more choice about 
what to access and who to be influenced by (Yin et al., 2012). 
2.1.3 Popularity as an Influencer 
Popularity itself has become a powerful global force within a positive feedback loop. Popular things 
may get additional exposure because of their popularity, such as from “top ten” lists or news coverage. 
Many resource-based websites, such as Amazon, YouTube, and iTunes, provide consumers with lists 
of most popular, viewed or downloaded, which can have the result of influencing decisions based on 
the tastes, opinions or purchasing habits of others (Welbourne and Grant, 2016; Shifman, 2012). 
Clever manipulations of these rankings could therefore have a significant impact on how people are 
influenced (Bishop, 2018; Gillespie, 2015; Easley and Kleinberg, 2010). 
2.1.4 Cult Popularity 
Some people prefer to engage with niche culture, such as a band, hairstyle or article of clothing, 
because it is unpopular in the sense of not mainstream (Akdeniz, 2014; Burnett, 2013; Browne, 2013; 
Yin et al., 2012), for example to gain acceptance with a non-mainstream group (Faafat et al., 2009). 
Something may also develop niche or cult popularity by others imitating the behaviour of prominent 
non-conformist thought leaders (Yin et al., 2012). This cult popularity sometimes transitions into 
mainstream acceptance, often then being subsequently rejected by the initial group (Akdeniz, 2014; 
Browne, 2013; Yin et al., 2012).  It is possible that they like to feel that they are in a small and exclusive 
club, where they are the only ones who have the knowledge, understanding and refined taste to 
appreciate something (Akdeniz, 2014; Yin et al., 2012). This elitist mentality has the tendency to lead 
to people criticising things because they have mainstream popularity (Browne, 2013), or, conversely, 
to take pride in being early followers (Browne, 2013). 
A counterculture is a subculture encompassing multiple behaviours that are consciously in opposition 
to the mainstream (Frank, 1998). The term counterculture implies a wider set of beliefs than for cult 
popularity, but countercultures can result in sets of related things, including YouTube videos, 
maintaining a small but non-trivial audience. 
Perhaps as a result of YouTube being taken over by Google and having a greater emphasis upon 
commercial and advertising influences, videos that are not likely to generate revenue are less likely to 
be promoted by the site (Meehan, 2006). Videos that have previously developed cult status due to 
their producer’s creativity, lack of conformity and/or controversy, are less likely to be seen and may 
be punished by YouTube (by making them less visible through the algorithm) due to not fitting in with 
their preference of cultural output or not being content that is aligned with advertising demands 
(Bishop, 2018; Cunningham et al., 2016). Therefore, YouTube has become more mainstream, having 
a much greater focus on more commercial videos and content, moving away from the original open 
essence of the platform (Bishop, 2018; Jarboe, 2012). 
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2.1.5 Herding Behaviour 
Social structures influence behaviour (Eger, 2015). Herding behaviour is the tendency to conform to 
the ideas, opinions and behaviours of others within a social group or network (Boyd, 2014; Faafat et 
al., 2009). 
The web has led to increased contact with a wider range of others, creating the potential for new 
types of herding behaviours (Alloway and Alloway, 2012; Faafat et al., 2009).  Exposure to a wide range 
of information may lead people to imitate others rather than making informed decisions based on 
personal research (Burgess and Green, 2009; Bonabeau, 2004). They may also be more influenced by 
their social peers than recommendations from relevant field experts (Alloway and Alloway, 2012; 
Chen, 2007; Lee et al., 2001). For example, the “demand for a product increases when consumers 
believe more people have purchased this product” (Chen, 2007, p14; see also Hanson and Putler 
1996). Herding behaviour has been argued to be mediated by social learning, reducing the likelihood 
that it leads to negative outcomes (Toyokawa, Whalen and Laland, 2019). It is not clear whether this 
applies to YouTube, however, and there is a lack of empirical evidence into the contexts in which 
herding behaviour is particularly strong (e.g., pop music vs. DIY advice). 
2.1.6 Information Cascades 
A period of increased sharing of something within a group, can be referred to as an information 
cascade (Easley and Kleinberg, 2010; Banerjee, 1992). Information cascades can be amplified by social 
pressures to conform (De Vany and Lee, 2008) and results in temporary or permanent popularity 
(frequently encountered) for the cascaded information.  
Diffusion through information cascades can sometimes be maximized by seeding a piece of 
information or a new product with key influencers (Berger and Milkman, 2010; Keller and Berry, 2003; 
Weimann, 1994). These are chosen for exhibiting a combination of desirable attributes that allows 
them to influence a disproportionately large number of others (Gladwell, 2000), either directly or 
indirectly via a cascade of influence (Watts, 2002). 
The following are important partly counterintuitive facts about information cascades (Easley and 
Kleinberg, 2010). 
 The cascaded information does not have to be correct. 
 Cascades can be started by poorly-informed influencers. 
 Cascades can be easy to stop. 
Large scale information cascades produced by targeting prominent influencers are difficult to achieve 
(Bakshy et al., 2011). Information can tend to spread more effectively via many small-scale cascades 
initiated by ordinary members of a group or network (Bakshy et al., 2011). The process of effectively 
cascading information relies heavily on the concept of word-of–mouth interactions, whether on or off 
line, where people are more likely to engage with information sharing and continued sharing based 
on trust with others within their social group (Bakshy et al., 2011; De Vany and Lee, 2008). 
2.1.7 Word-of-Mouth 
Word-of-mouth refers to information spreading through personal contacts, whether online or offline 
(Leskovec et al., 2006). This form of diffusion, or cascading, has long been regarded as in important 
mechanism by which information can reach large populations, possibly influencing public opinion 
(Berger and Milkman, 2013; Katz and Lazarsfeld, 1955). It has the potential to support the adoption of 
innovations (Rogers, 1995), highlight new products within the market (Bass, 1969) or stimulate brand 
awareness (Keller and Berry, 2003). 
Word-of-mouth is a consumer-dominated form of communication and diffusion where the distributor 
is apparently independent of the sources of information discussed and is perceived to be more 
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trustworthy (Shifman, 2012; Berger and Milkman, 2010; Brown et al., 2007; Heath et al., 2001). 
Traditional communication theory argues that word-of-mouth can have a powerful influence on 
behaviour and decision making (Silverman, 2001; Money et al., 1998; Brown and Reingen, 1987; Cox, 
1963). Even a single word-of-mouth message may reach a wide range of receivers in this way (Lau and 
Ng, 2001). The success of individual word-of-mouth connections depends on the strength of the 
relationship between the sender and receiver, however (Brown et al., 2007; Haythornthwaite, 1999).  
Word-of-mouth grew in importance due to the greater communication power of email and the social 
web (Brown et al., 2007). It can have particular power within online groups based on shared cultural 
pursuits and frequent interactions (Dehghani et al., 2016; Perrin, 2015).  
2.1.8 Diffusion Theory 
Online popularity can also be viewed from the perspective of diffusion theory. Diffusion theory 
concerns the process leading to the successful adoption of innovations (including ideas) across a social 
group (Rogers, 2003). The diffusion of a new information or innovation relies heavily on someone’s 
ability to be able to relate to and adopt the idea that is presented to them. Rogers (2003) argues that 
there are four main influences on the spread of a new idea: the innovation, communication channels, 
time and the social system. This is relevant to videos because a new video can be viewed as an 
innovation that has the potential to be adopted. Diffusion theory suggests a process by which video 
popularity can be achieved. 
The initial part of the diffusion process is demonstrating the innovation and its advantages (Rogers, 
2003). The individual will determine the relative advantages and benefits of adopting the innovation 
in economic considerations, how much social prestige it will generate, the associated convenience and 
the satisfaction obtained (Rogers, 2003). The innovation must also be compatible with the current 
values and needs of the individual. There must be adequate time and accessibility to experiment with 
and test the innovation. 
When a person has sufficient exposure to an innovation, they will decide whether to adopt or reject 
it (e.g., whether to watch a video or follow a YouTube channel). The final aspect of the innovation-
decision process is to look for further reinforcement of their decision from others and as a result this 
aspect of the process has the potential to reverse their adoption decision (Rogers, 2003), for example 
by unfollowing a YouTube channel or deciding to watch a video despite initially rejecting it. The quicker 
the innovation-decision process is completed by users the sooner the innovation will be shared and 
diffused throughout the group.  
Once adoption has been achieved by someone, the next diffusion process stage is sharing the 
innovation, for example by emailing a video URL to friends or posting it to Facebook. Repeated sharing 
leads to mutual awareness of the innovation within a social group (Rogers, 2003). Groups based on 
homophilous factors are more effective at diffusing innovations within their social network structure. 
Homophily within social networks can therefore lead to high levels of innovation diffusion (Galeotti et 
al., 2013; Golub and Jackson; 2009). Nevertheless, due to the nature of homophilous groups the 
diffusion can be limited to the boundaries of these groups, thus confining the diffusion (Rogers, 2003; 
Lazarsfeld and Merton, 1954). Elements of heterophily are therefore needed to ensure that bridges 
are available between homophilous groups (Rogers, 2003; Lazarsfeld and Merton, 1954). Based on 
this, Rogers (2003) argues that ideal groups should be homphilous in variables such as education, 
social status, but should be heterophilous regarding ideas, information and innovations.  
There are significant differences between people in their willingness to adopt new ideas. Rogers 
(2003) defines the following adopter categories.  
 Innovators are willing to take risks and will be the first to adopt an innovation, even if there is 
the potential for failure; 
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 Early Adopters are slightly more discrete in their adoption choices and are willing to accept 
new ideas, will think more carefully about the wider implications; 
 Early Majority have more contact with Early Adopters and as a result will adopt an innovation 
after a longer period than Innovators and Early adopters; 
 Late Majority have a high degree of scepticism towards innovation and will wait for most of 
society to adopt an innovation before adopting it themselves; 
 Laggards are the last to adopt an innovation as they have an aversion to change and tend to 
be more focused on the ‘traditions’ of the social group. 
These terms probably do not apply to individual YouTube videos because the decision to watch one is 
relatively trivial compared to, for example, the decision to adopt a new technology. Nevertheless, they 
may be relevant to decisions to follow prominent YouTubers or to engage with genres of videos. For 
example, it seems reasonable to regard the early followers of now famous YouTuber PewDiePie or 
early users of YouTube as a source of make-up or gaming advice as innovators. 
2.2 Online Activity 
This section discusses uses of the web, online interactions and relationships, online videos, video 
popularity and online information (including videos) sharing and dissemination.  
2.2.1 The Social Web 
The web is a significant facet of modern life in developed nations and a global platform for distributing 
and accessing information (Belanger and Jordan, 2020; Wodjao, 2020; Bozkurt et al., 2018; Carbonell 
et al., 2018). For many years, it has been the primary information source for a substantial fraction of 
the world’s population (Carbonell et al., 2018; Bozkurt et al., 2018; Kellner and Kim, 2010; Duffy, 2008; 
Huberman et al., 1998), as well as for education, work, entertainment and socialising.  
The web, access technologies and social networking have also provided societies new communication 
channels through which popularity may spread (Ahn and Shin, 2016; Kim et al., 2013; Manyika and 
Roxburgh, 2011; Kattimani et al., 2010; Wright and Hinson, 2009). As part of this, users for many years 
have been able to upload videos to the web from mobile devices with a few simple actions (Crick, 
2016; Waldron, 2012; Ashraf, 2009; Li and Bernoff, 2008). There is now an online-based society of 24-
hour sharers, consumers and commenters for a wide range of purposes (Carbonell et al., 2018; Oh 
and Syn, 2015; Shifman, 2007; Kuipers, 2002). 
The social web is particularly suited to information sharing (Khan, 2017) and hence can play an 
important role in the generation and transmission of popularity. Stories, videos and cultural memes 
that gain traction in social media can do so quickly through online social networks but can also fade 
quickly (Kong et al., 2018; Broxton et al., 2013; Leskovec et al., 2009; Cha et al., 2007). Memes are, 
“individual bits of cultural information that propagate from person to person while undergoing 
variation, selection, and retention” (Guadagno et al., 2010, p2313). Most web memes are developed 
to provide users with humour, inspiration or social commentary (Knobel and Lankshear, 2007). On 
YouTube, memes could be individual videos or types of video, such as the “Downfall” genre mocking 
Hitler. 
Marketers sometimes exploit the sharing power of the social web by developing content for sharing 
and diffusion through online friendship groups and social networks (Sokolova and Kefi, 2020; Barry et 
al., 2014; Greenberg, 2010; Purcell, 2010; Southgate, Westoby and Page, 2010; Madden, 2009). For 
example, music videos have benefitted from a greater global audience because of the web and the 
distribution of materials through continued sharing and online recommendations (Henke, 2013). This 
process of users sending and sharing links has become an increasingly important aspect of marketing 
music videos to a wider audience (Dehghani et al., 2016; Henke, 2013). 
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Nearly 60% of people report that they frequently share online materials with colleagues, family and 
friends, with approximately 88% of companies using social media to advertise their products 
(Dehghani et al., 2016; Allsop et al., 2007). 
2.2.2 Reasons for Online Sharing 
Even with the global scope and easy access of social media websites, there are some pieces of 
information, for example videos, that are accessed, shared and forwarded to a significant extent daily, 
whereas others disappear into obscurity (Wu et al., 2018; Welbourne and Grant, 2016; Guadagno et 
al, 2013; Waldron, 2012; Burgess and Green, 2009). Online information sharing may be influenced by 
different factors to offline sharing, and may be affected by the accessibility of information and the 
methods available for sharing. In particular, broadcasting is easier online than offline, for example 
through posting a video link to Facebook for all friends and followers.  Content is more likely to be 
shared if it is funny, generates excitement, is related to the sender or receiver, or is believed to be 
useful (Tellis et al., 2019; Wu et al., 2018; Feitosa and Botelho, 2017; Berger and Milkman, 2013; 
Purcell, 2010; Verhaeghe et al., 2007). An emotional response, whether positive or negative also 
increases the likelihood of someone choosing to share information (Tellis et al., 2019; Guadagno et 
al., 2013).  
2.2.3 Online Video Sharing and Virality 
Online video sharing websites (see below), such as YouTube, have helped popularise posting, watching 
and sharing videos as a form of entertainment (Klobas and McGill, 2019; Arthurs et al., 2018; Klobas 
et al., 2018; Dehghani et al., 2016; Zink et al., 2009). YouTube has had a significant impact on the 
increased availability and number of videos on the web, which has led to more users accessing them 
(Arthurs et al., 2018; Siersdorfer et al., 2010). Social networking websites, such as Facebook and 
Twitter, have also enabled greater functionality to share and comment on videos (Khan, 2017; Eckler 
and Bolls, 2011; O’Malley, 2011; Tsai, 2009; Cashmore, 2009). This, coupled with increased broadband 
connectivity and improved mobile networks and technologies, has provided users with easier access 
online videos (Khan, 2017; Mehrotra and Bhattacharya, 2017; Cunningham and Craig, 2016; Yang and 
Gaunt, 2015; Wang, 2015). 
Traditionally, videos were distributed by large media organizations directly to consumers, so choices 
were limited to switching to another centralised media organisation or turning off the TV (Cunningham 
and Craig, 2016; Broxton et al., 2013). These organisations determined which videos were good 
enough to be broadcast. In doing so, they had an impact on what could become popular (Broxton et 
al., 2013). Some online videos do not have the quality to make them suitable for broadcast media but 
are still readily available to view online, providing users with greater choice and decision-making 
capabilities (Welbourne and Grant, 2016; Broxton et al., 2013; Halpern and Gibbs, 2013; Shifman, 
2012). There are differences in length, lifespan and content of online videos compared to traditional 
media (Cheng et al., 2007). The social networking and commenting aspects of online video websites, 
such as YouTube, are important for their continuing success, and the process of linking, rating, 
discussing, sharing and favouriting has the potential to make videos popular in an organic fashion 
(Ameigeiras et al., 2012; Alloway and Alloway, 2012; Cheng et al., 2007).  
When a video is shared online at a very high rate then it might be classed as having ‘viral’ popularity 
or being viral (Tellis et al., 2019; Kong et al., 2018; Shifman, 2012; Crane and Sornette, 2008a). These 
videos demonstrate the significant power of social group and network sharing. Whilst the concept of 
virality implies that the videos are watched at least partly because they are popular, there is also a 
need for interesting and/or useful content (Rubenking, 2019; Kong et al., 2018). Viral videos tend to 
remain popular within a social network for a short period (Tellis et al., 2019; Kong et al., 2018; 
Brodersen et al., 2012; Chatzopoulou et al., 2010; Cha, et al., 2008; Cheng et al., 2008). Videos can 
become very popular without being viral if they are watched for reasons other than sharing or over a 
longer period (Frasco, 2014; Broxton et al., 2013).  
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2.2.4 Types and Measures of Online Video Popularity 
The key popularity (in the sense of frequently encountered) metric of an online video is the number of 
times it has been viewed (Kong et al., 2018; Wu et al., 2018; Park et al., 2016). Other metrics can give 
complementary information about popularity (in the sense of liked), such as user likes and dislikes 
(Chang, 2018; Park et al., 2016). In contrast, the number of comments may reflect the level of 
engagement between viewers and videos (Chang, 2018; Park et al., 2016). Popular videos tend to 
receive more comments, ratings and likes (Chatzopoulou et al., 2010), so engagement and the two 
types of popularity are all related. A grey area is the importance of time. Since online videos do not 
seem to reach a fixed number of daily users but instead have a period of high daily views (e.g., when 
they are first posted), it is not clear whether there is a fair way to compare the popularity of videos of 
different ages. For example, a day old video with 100,000 views might be thought to be more popular 
than a decade-old video with 1,000,000 views in the expectation that it would eventually surpass the 
total view count of the older video. Nevertheless, there is no agreed formula with which to make such 
comparisons. It is fair to compare the total view counts of videos with similar ages, however. 
2.2.5 Video Sharing and Online Social Networks 
People are more likely to watch videos when they are recommended by trusted people within their 
online networks (Kayumovich and Annamuradovna, 2020; Hayes et al., 2018; Oh and Syn, 2015; Kim 
et al., 2013; Duncan et al., 2013; Halpern and Gibbs, 2013; Waldron, 2012).  Although some videos are 
shared thousands of times through online social networks, others are never shared (Kong et al., 2018; 
Nelson-Field et al., 2011a; Cha et al., 2009; Zink et al., 2009). Whilst not all widely shared videos 
generate many views (Shifman, 2012; Berger and Milkman, 2012; Broxton et al., 2013), they are much 
more likely to become popular (Burgess, 2014; Broxton et al., 2013; Guadagno et al., 2013). 
Virality requires users’ active participation by passing information to others (Carvalho and Gomes, 
2020; Kong et al., 2018; Eckler and Bolls, 2011; O’Neil, 2010; Freeman and Chapman, 2007). Thus, 
viewers’ willingness to share a video through relevant sharing websites, social media, email and other 
online platforms is an important requirement for virality (Akdeniz, 2014; Scott and Judge, 2009). The 
elements that encourage someone to watch a video also needs to encourage them to share it if the 
video is to become viral (Eckler and Bolls, 2011; Burgess, 2008).  
The structures on which networks are established and built might have an influence on social 
transmission and what is shared (Hayes et al., 2018). The sharing of material which has, or can have, 
a positive emotional impact on the recipient has the potential to support the development and 
reinforcement of the bonds between members if a group (Rubenking, 2019; Feitosa and Botelho, 
2017; Quan-Haase and Young, 2010; Barker, 2009; Peters and Kashima, 2007). The more emotionally 
embedded and like-minded people happen to be with the rest of the members within their social 
group or network the greater the chance that material and information will be spread (Feitosa and 
Botelho, 2017; Guadagno et al., 2013; Waldron, 2012; Karpf, 2010). Members can increase the 
closeness or the bonds with others within their social group by establishing greater similarities with 
them through shared emotional experiences (Purcariu, 2018; Hanson and Haridakis, 2008; Anderson 
et al., 2003). 
Sharing videos and materials online can have, or can be seen to have, an impact on someone’s place 
and positioning within their social groups or networks (Tian et al., 2011; Kellner and Kim, 2010; Lee et 
al., 2001). Information can provide people with a form of social currency that they can share within 
their social groups and networks, and the attention they receive can give them the feeling of being 
helpful, in the know or in some way provides them with the status of being smart in the eyes of their 
peers (Rubenking, 2019; Feitosa and Botelho, 2017; Huberman et al., 2009). Videos that contain useful 
information can encourage viewers to share from the altruistic perspective of helping others within 
the social group or as a tool for self-enhancement to appear knowledgeable to network peers in a 
particular area (Oh and Syn, 2015).  People can also be looking for the approval and social validation 
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of others through the sharing and forwarding process (Cialdini, 2009; Rafaeli et al., 2005) and want to 
be perceived by others in a positive light (Feitosa and Botelho, 2017; O’Neill, 2011). People also share 
content on the web to make sense of their experiences, to reduce dissonance with others and to 
deepen social connections within their group (Berryman and Kavka, 2018; Oh and Syn, 2015; Berger 
and Milkman, 2012; Peters and Kashima, 2007; Hall, 2003). There can also be occasions when 
members of a group start to copy the sharing actions and opinions of others to seek social approval. 
This can include sharing materials even if they are of a poor quality, do not resonate with the individual 
or if there is no personal emotional connection (Kuznetsov, 2006; Salganik et al., 2006; Deci and Ryan, 
2000). 
Generally, the original source of videos has no impact on the likelihood that people will share a video 
with others, except if the forwarding reinforces a derogatory opinion of the sender (Guadagno et al., 
2010; Guarino, 2010). On occasions material will be forwarded that is disparaging about others or that 
will paint others in a negative light (Wallsten, 2011; Nahon et al., 2011; Shifman, 2007). The process 
of sharing can be used as a tool for building and reinforcing social walls of separation between people 
or groups (Kayumovich and Annamuradovna, 2020). Sharing material with negative emotional content 
can be used to reinforce negative feelings aimed at people who are not members of their social group 
or network (Peters and Kashima, 2007; Fein and Spencer, 1997). This can be used to reinforce the 
positive in-group feelings that established the group in the first place (Peters and Kashima, 2007; Fein 
and Spencer, 1997). 
People are more likely to share riskier content one-to-one rather than with the whole of their social 
group (Guarino, 2010). They do not want to share materials that will portray a negative image within 
their social group and therefore there is a difference in what  someone will forward depending on who 
will receive it and the size of that audience, and how they consider they will be perceived as a result 
(Wallsten, 2011; Nahon et al., 2011). Social transmission is about more than just value exchange or 
the development of self-presentation (Rubenking, 2019; Berger and Milkman, 2012; Berger and 
Schwartz, 2011). People share to provide others with entertainment, surprise and relevant content, 
they also want to inform others, improve their mood and provide them with things and ideas that are 
practically useful (Rubenking, 2019; Aytar et al., 2018; Kardas and Brien, 2018; Feitosa and Botelho, 
2017;Berger and Milkman, 2012).  
A stunt, shock value, surprise or some aspect of novelty can also have an impact on whether a video 
is watched and forwarded (Al-Rawi, 2019; Shultz, 2015; Eckler and Bolls, 2011; Bruno, 2010; O’Neil, 
2010). Viewers often watch videos that fall under the umbrella of “you have got to see it to believe it” 
particularly in this share-all online environment in which web users feel that they have seen everything 
(O’Neill, 2011; Kellner and Kim, 2010). Thus, a video that is produced which has new, contemporary 
or original content can be a significant draw to watch it (Rubenking, 2019; Arthurs et al., 2018; 
Nikolinakou and King, 2018; Shifman, 2012; Van Dijk, 2009; Shifman, 2007; Kuipers, 2002). Many 
brands and companies have used a range of shock tactics within their advertising videos to make them 
become very popular or viral (Barry, et al., 2014; Henke, 2013). Shock tactics and content that startles 
can also have an impact on peoples’ willingness to watch and share videos, but this depends on 
whether their social, sexual and moral codes are violated (Al-Rawi, 2019; Gaunt, 2015; Bruno, 2010; 
Dahl, Frankenberger and Manchanda, 2003). With people having greater access, through the web and 
improved technologies, to a wider and more varied range of content, what used to trigger higher levels 
of emotional arousal, in the form of hilarity, shock and inspiration, does not always have the same 
effect and therefore the baseline standard has shifted. If users are exposed to content that is either 
too shocking or disgusting for them then this will have a negative impact on their desire to share the 
video with their peers and social group (Shultz, 2015; Henke, 2013; Eckler and Rodgers, 2011; Dahl et 
al., 2003). Users or companies producing videos have sometimes tried too hard to achieve a significant 
level of popularity or viral success by making their videos too unconventional and too controversial 
and have instead had a negative effect on watchers (Eckler and Rodgers, 2011; Dahl et al., 2003).  
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2.2.6 Video Sharing Platforms 
The original online video hosting website founded in 1997 was ShareYourWorld.com and provided 
users with the opportunity to upload video in different file formats (Crick, 2016; Plesser, 2007). 
Unfortunately due to issues with transcoding technologies and limitations with internet access speeds 
it was discontinued in 2001 (Crick, 2016; Plesser, 2007).  The development and proliferation of mobile 
devices, the ability to easily capture videos of aspects of their life (e.g. key events, birthdays, concerts) 
and individuals desire to share these productions led to the rise and the exponential growth of a 
number of video sharing websites and platforms (such as YouTube, Dailymotion, Netflix, Vimeo, 
Twitch) (Mehrotra and Bhattacharya, 2017; Cunningham and Craig, 2016; Yang and Wang, 2015; Saini 
et al., 2012; Frey, 2007).  As some of the early difficulties in developing and establishing online video 
sharing websites were download speeds and differences in video formats, no universal video standard 
(Berry, 2018).  In addition, the phenomenal growth and popularity of these video sharing platforms 
has also been supported by the development of a range of social media based websites, such as 
MySpace, Facebook, Twitter, which have provided individuals’ with the opportunity to share videos 
with their social network groups (Yang and Wang, 2015).  Many video sharing websites now provide 
users with the option of posting and sharing their videos directly onto social media platforms.  For 
example, YouTube has a share button that provides a range of options of social media platforms where 
the uploaded video can be posted.  
The connections developed between platforms such as YouTube, Facebook, Twitter and Instagram 
have led to their continued success in the very different and competitive way in which traditional 
broadcasting companies have worked in the past (Cunningham and Craig, 2016).  A result of the 
development and integration of both video sharing and social media websites has been that videos 
sharing platforms have morphed into more than just a repositories for getting an individual’s creations 
online and have now become social media platforms in their own right (Mehrotra and Bhattacharya, 
2017) where users can interact with, rate and comment upon videos.  The growth and development 
seems to be cyclical in nature, as the more developments that are made in relation to social media 
platforms the more individuals seem to be generating videos to share (Mehrotra and Bhattacharya, 
2017). 
The live video streaming platform Twitch has demonstrated significant growth over the last five years 
particularly with the social online gaming community (Johnson and Woodcock, 2019).  The website is 
not just a space to share videos, but has provided a social space for like-minded individuals with 
common interests.  Twitch has provided gamers with a platform where they can view and broadcast 
video game content, and has had a major impact not only on the gaming industry, but the global social 
media ecosystem (Johnson and Woodcock, 2019).   The platform has helped the promotion of games 
(particularly those produced by independent game developers), advertising revenue for companies 
and individuals, support and advice and have provided an informal forum for game reviews (Johnson 
and Woodcock, 2019). 
Google originally had its own video platform Google Video, but this focused on searching for video 
content already in existence on the web and the key aspects of this was that its basis was the Google 
search engine (Walczyk, 2008).  When Google acquired YouTube, they continued to keep the 
independence of each of the platforms with YouTube still focusing upon UGC and Google video being 
an advanced video search tool (Walczyk, 2008). Google also had a third party connection with 
Metacafe and presented videos from this platform (Walczyk, 2008). 
AOL also had its own online video sharing websites and, like Google, had two distinction platforms. 
The first AOL Video focused upon finding online videos and purchasable content, and the other Uncut 
Video provided users with the ability to upload their creations (similar to YouTube).  The advantage 
for AOL was its backing of the media giant Time Warner (Holahan, 2006) and the fact that its search 
engine provided and highlighted content from other video sharing platforms as well as its own.  
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Unfortunately AOL lacked some of Google Video’s powerful tools and features, plus it tended to over 
incorporate advertising throughout its videos. 
Although some video sharing platforms have developed and experienced substantial growth over the 
years, others have not been as successful.  iFilm was a video sharing platform established in the late 
90s (before YouTube) and was intended as a website to make short independent films and was a key 
destination of the viral online videos of the time (Walczyk, 2008). IFILM was one of the leading video 
streaming platforms at the time (Walczyk, 2008), but, due to the burst of the dot-com bubble (2000), 
iFilm suffered from significant loses and is now discontinued. 
Some video sharing websites have developed in a way to establish themselves as a different type of 
platform to YouTube, for example Vimeo. Vimeo came slightly before YouTube and was initially known 
for its advances in technology, establishing an on-demand video service and was one of the first to 
support high definition videos, earlier than YouTube (Jaakkola, 2020). The Vimeo website has 
established itself as a smaller, more focused community with a greater emphasis upon providing 
content that is more mature, tasteful, supportive, professional and academic (Jaakkola, 2020). It does 
not focus upon advertising before or throughout videos, which is seen as a big positive for the website 
and sets it aside from other platforms such as YouTube, and provides users with the option to pay to 
upgrade their account (Jaakkola, 2020). Vimeo allows users to upload videos across all genres with the 
proviso that the content should be original and demonstrate creative expression.  Generally Vimeo is 
seen as a platform where there is a greater possibility of your productions being seen by a wider 
audience and your creation having greater visibility, which is of particular interest to those wanting to 
become “influencers” and monetising their productions  (Jaakkola, 2020; Chiang and Hsiao, 2015).  
Overall, online videos have taken two key directions over the last few years (Berry, 2018).  There has 
been an increase in real time on demand video watching through websites such as Netflix, Amazon 
Prime, Hulu, Disney +, BBC iPlayer and HBO Online, where some are free with others requiring 
payment or a subscription fee.  The other types of platform focus upon the uploading of user 
generated content and the social network aspects of video sharing such as YouTube, Twitch and 
Dailymotion (Berry, 2018).  The success of video sharing websites, such as YouTube, is that they have 
provided users with a platform where anyone with video recording device can present their video 
creations to a global audience (Walczyk, 2008).  A significant element in terms of YouTube’s 
particular success was the development of transcode technology which allowed/s users to upload 
almost any file format to YouTube (Crick, 2016).  The success of online video sharing platforms also 
appears to be partly due to their connections to popular social media networking websites and the 
ability to easily and quickly share video content through those connections. The visibility of your 
content and the chances of it been seen by users seems to be a consistent factor in the success of a 
video sharing website (Jaakkola, 2020).  As a substantial number of individuals are uploading videos 
to various sharing platforms to increase the rankings and popularity of their productions even at 
times through illegitimate means (Bulakh et al., 2014). Video sharing websites also need to be able 
to provide users with a unique aspect to their platform that sets it aside from other, for example, 
Twitch focuses more specifically on gaming content (Johnson and Woodcock, 2019). It would also 
appear that those video sharing website that are part of, or have the backing of, technology giants, 
media conglomerates or new corporations, such as YouTube, stand a better chance of surviving and 
growing particularly if they run into legal and copyright difficulties based upon content that has been 
uploaded to and published on their website (Jondet, 2008).  YouTube, not only being owned by 
Google has also made key deals and partnerships with global companies such as Sony and Apple, 
again further establishing it presence as the most popular and significant video sharing platform 
(Berry 2018).   Approximately 1 billion unique users per month were accessing and watching videos 
on YouTube, and by 2017 a substantial 3.25 billion hours of video were being watched on the 
platform every month (Berry 2018). Video sharing is taken for granted by society due to the 
developments in technology and bandwidth, and the web provides individuals with a range of 
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options and platforms in order to achieve this quickly and easily (Berry, 2018). However, YouTube 
still remains the most significant platform for video sharing with a massive and world-wide user base 
and seeks to maintain its monopoly over this corner of the social media market (Berry, 2018). 
 
2.2.7 Factors Influencing Online Video Popularity 
There are a range of general factors, not relating to a specific platform, that have been highlighted by 
previous research in terms of increasing the chances of online videos being watched and, as a result, 
becoming popular based upon views. Popular videos need a hook to draw people to watch them 
(Burgess, 2008). Many popular videos are reliant on cuteness, humour, happiness, sexuality, nudity, 
shock value or violence to encourage someone to watch (Arthurs et al., 2018; Berger and Milkman, 
2012; Cheng et al., 2013; Daly, 2011; Eckler and Bolls, 2011; Nelson-Field et al., 2011b; Weiner, 2011). 
Alternatively, a video may offer a unique perspective, story, personality or style in the way in which it 
is presented or in relation the content (Nikolinakou and King, 2018; Tschopp, 2014; Ahn and Shin, 
2016; Ahmed et al., 2013; Thelwall, Sud and Vis, 2012; Waldron, 2012; Ashraf, 2009). Titles may 
encourage viewers to watch a video, especially if they are short (Cheng et al., 2013; West, 2011).  
There appear to be substantial differences in the range of advice that is provided in terms of when the 
best time to upload videos to YouTube (Andress, 2020; Ferreira, 2020; Perta, 2020; Parbey, 2019; 
Gielen, 2015; Cheng, 2013; Robertson, 2007).  During 2007 it was suggested that the best time to post 
videos to YouTube was during the working week (Monday to Friday) with Wednesday and Thursday 
being the best (Robertson, 2007). Advice in 2013 had changed and it was now recommended that 
videos should be uploaded on either a Monday or Tuesday, as individuals would watch them whilst at 
work and as a result would gain momentum throughout the week (Cheng, 2013). Weekends were a 
“speed bump” in terms of uploading a new video to YouTube (Cheng, online, 2013).  During 2015 
suggestions had again shifted with Thursday and Friday being promoted as the best days to post 
videos, further implying that users would be less likely to watch on Sunday and at the beginning of the 
week (Gielen, 2015).  Parbey (2019) recommends that early afternoon during week days and late 
morning for weekends. Ferreira (2020) and Andress (2020) suggest Thursday and Friday as the best 
days to post video on YouTube. They continue by putting forward that as most users access and watch 
videos over the weekend Saturday and Sunday can also be effective (Ferreira, 2020 and Andress, 
2020). Andress (2020) goes on to imply that Monday, Tuesday and Wednesday are the worst days, 
completely disagreeing with previous advice from Cheng (2013).  In general terms Perta (2020) 
recommends that videos for business purposes are best posted between Tuesday to Thursday, with 
those of a non-business nature being more successful when posted Friday to Monday. In terms of 
other social media there is some agreement about when it is best to post, but also some differences 
in opinion.  When posting to Facebook and Instagram the majority of current advice suggests 
Wednesday as the optimum day (Arens, 2020; Hearn, 2020; Powers, 2019; Vasquez, 2019).  However, 
others recommend later in the week and the weekend for Facebook (Ferreira, 2020; Kolowich, 2019) 
and Friday for Instagram (Kolowich, 2019). In terms of Twitter there is more variation in when is best 
to post. Ferreira (2020) suggest Wednesday, Hearn (2020) and Powers (2020) recommend Tuesday 
and Wednesday, Arens (2020) advises Wednesday and Friday, and Kolowich (2019) highlights 
weekdays for business and weekends for personal content. 
The time of day that the video is emailed or posted online can also influence its popularity (Arens, 
2020; Ferreira, 2020; Hearn, 2020; Kolowich, 2019; Vasquez, 2019; Berger and Milkman, 2012). The 
extent to which a video is discussed in the media influences the likelihood that it will eventually 
become popular (Tschopp, 2014; O'Neill, 2011; Brown et al., 2007). The following types of video have 
also been singled out as popular. 
Video length may be important, with shorter videos tending to be viewed and shared more often 
(Tschopp, 2014). Most online videos are short, with the average length being 20 to 40 seconds and 
the majority lasting under 4 minutes (Cheng et al., 2013). Videos between 16 and 30 seconds long are 
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likely to be viewed and shared more often than those of length 15 seconds or less, or videos of 30 
seconds to 1 minute (Henke, 2013). Other research has found that a popular length of video is 30 
minutes with this being typical of one episode of content from TV (Rigby, et al., 2018). 
Fails: A popular theme of video that has become very successful on the web are those which fall into 
the contemporary popular culture category of fails (O’Neill, 2011; O’Neil, 2010; O’Neil, 2010a; Porter 
and Golan, 2006). The term fail used in this way refers to a person making some sort of mistake or 
providing an instance of very poor performance, for example, unsuccessfully trying to complete a trick 
on a skateboard (Shultz, 2015). Most fail videos contain some element of a person hurting or 
embarrassing themselves, usually after attempting to complete some action or activity, usually one 
that should not be attempted in the first place (Shultz, 2015; O’Neill, 2011; O’Neil, 2010; Brown et al., 
2010; Porter and Golan, 2006). Many of the videos that are viewed on websites, such as YouTube, are 
‘fail’ related (O’Neil, 2010). This suggests that a proportion of society find the misfortunes of others 
entertaining (O’Neil, 2011; Porter and Golan, 2006), but this seems to be situations where the fail is 
determined to be deserved by the watcher (Gupta, 2015). It also suggests that people just like to see 
that they are not the only ones who make mistakes and an element of human vulnerability (Gupta, 
2015; Shultz, 2015). There is also an element of surprise to most fail videos and a common human 
reaction to these unexpected, and sometimes bizarre, events is to initially laugh (O’Neil, 2010a; 
Verhaeghe et al., 2007). The idea of people getting things wrong also extends to the concept of 
bloopers or gag reels, such as actors making blunders, forgetting their lines, being unable to control 
fits of laughter or tripping over whilst on set, further reinforcing users’ fascination with others making 
mistakes (Shultz, 2015; O’Neill, 2011; Verhaeghe et al., 2007). There is also some element of ego to 
the watching of such videos and people also enjoy feeling superior to the actions of others in the video 
(O’Neill, 2011). Overall, it is more the unexpected, surprise and disbelief factor that makes these types 
of videos funny rather than the injury of the participant of the video (Gupta, 2015; Shultz, 2015; O’Neil, 
2010a).  
Remixes: Remixing, or redesigning, a video that has already been popular can improve the chances of 
a video developing a high or possibly viral level of popularity (Henke, 2012; Bruno, 2010).  Video 
parodies of current pop culture, in particular pop videos (Henke, 2012) or internet memes (Knobel and 
Lankshear, 2007), are more relevant to a wide range of viewers and tend to be accessed more regularly 
(Guadagno, 2013; O’Neil, 2010; O’Neil, 2011). This does depend on how well the parody is produced 
and the original popularity of the pop star or video being parodied (Henke, 2012; O’Neil, 2010). The 
quality of the remixed content and its production, and its ability to have an impact and stick in the 
mind of the individual also increase the chances of a video being shared (Peer and Ksiazek, 2011; 
Huang et al., 2011). Poor quality videos will be less appealing to viewers and could be a barrier to them 
accessing, or engaging with, the desired content (Tschopp, 2014; Peer and Ksiazek, 2011; Huang et al., 
2011). 
News: News videos can become popular if they are timely and engaging (Wu et al., 2018). Real world 
events can influence which videos are accessed (Abisheva et al., 2014; Pinto et al., 2013; Berger and 
Milkman, 2012; Van Zoonen et al., 2011; Crane et al., 2010). If a video relates to the news then it may 
have a greater likelihood of becoming popular (Wu et al., 2018; Abisheva et al., 2014; Berger and 
Milkman, 2012; Van Zoonen et al., 2011; Van Zoonen et al., 2011; Crane et al., 2010). Also, a video, 
not relating to the news, can have a greater chance of success and becoming popular if it is posted or 
emailed on a slow news day (Berger and Milkman, 2012).  
Amateur: Videos may become popular for unexpectedly poor quality for their genre. This includes 
poor production, laughable scripting, clichéd dialogue, substandard acting and an overall cheesiness 
to the video (Barakat, 2014). The draw or hook can be the cringe-worthy nature of the video and as a 
result can be thoroughly engaging for some social groups or networks. Some users may enjoy sharing 
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and criticising poor content (Wallsten, 2011; Nahon, et al., 2011). Such discussions and infamy may 
draw attention and increase the popularity of the videos.  
Algorithm: All video sharing platforms use algorithms in order to determine, based upon a range of 
factors, which videos are promoted or shown (Bishop, 2018; Jarboe, 2012). Commercial pressures, 
particularly through advertising, influence what is presented to audiences, for example in lists of 
related videos after a user has watched their original choice. YouTube therefore has an influence in 
terms of what becomes popular that it exercises by modifying its algorithms to highlight specific 
content in line with the commercial focus and advertisers’ demands (Bishop, 2018; Cunningham et al., 
2016; Meehan, 2006).  
2.3 Finding and watching YouTube videos 
There are multiple ways in which users can encounter YouTube videos and multiple potential 
influences on their decisions to watch. 
2.3.1 YouTube Video Search and Recommendations 
As with most websites, YouTube provides a range of inbuilt systems to present users with selections 
of videos, for example through the front page, most popular, most viewed today or recommendation 
pages. Some of the videos presented by YouTube are a result of the site-wide algorithms it uses 
(Bishop, 2018; Crane and Sornette, 2008) and others are algorithmically selected from user 
preferences, viewing history and watching behaviours, for example by suggesting videos related to 
previously watched content (Bishop, 2018; Klobas et al., 2018; Gielen and Rosen, 2016; Zhou et al., 
2010).  
Although the YouTube search facility can be used to find videos, this sometimes returns only the most 
popular videos (Pinto et al. 2013; Zhou et al., 2010; Crane and Sornette, 2008) or content that is more 
commercially focused (Arthurs et al., 2018; Bishop, 2018; Jarboe, 2012). This makes more specialised 
or niche content harder to find or even hidden (Bishop, 2018; Cunningham et al., 2016). Nevertheless, 
the YouTube search facility tends to be influenced by key YouTube channel producers and videos that 
garner higher levels of controversy and dissent from users (Rieder et al., 2018).  
The recommendations facility in YouTube is a key factor in supporting the discovery of new material. 
Videos at the top of the recommended videos list generated by YouTube tend to have high view counts 
either as a cause or effect of the recommendation (Zhou et al., 2010). Despite this ambiguity, being at 
the top of the recommendation list seems likely to generate substantial numbers of extra views (Zhou 
et al., 2010). The personalised aspect of the YouTube recommendation system suggests videos based 
a user’s video history and YouTube channel subscriptions (Figueiredo et al., 2014). YouTube can be 
quite powerful through its algorithms directing users to content that they might not have otherwise 
found. This may tend to promote mainstream content with a general level of popularity (Bishop, 
2018). 
2.3.2 YouTube Video Popularity 
Due to the continued uploading of new YouTube videos, each one tends to have a small window of 
opportunity and a low probability of becoming popular (Kong et al., 2018; Pinto et al. 2013; Guadagno 
et al., 2010). Moreover, video popularity is unbalanced, with most content receiving a minimal level 
of attention and a small proportion attracting huge numbers of views (Welbourne and Grant, 2016). 
This imbalance can be modelled with power-law distributions and Zipf’s law (Cha et al., 2007; 
Figueiredo et al., 2011). Understanding what makes YouTube videos popular could be very useful 
information to a range of bodies such as marketers, companies, information services and researchers 
(Sokolova and Kefi, 2020; Kayumovich and Annamuradovna, 2020; Ahmed et al., 2013; Pinto et al., 
2013). It is difficult to accurately predict the popularity of YouTube videos from their content, however 
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(Welbourne and Grant, 2016; Ahmed et al., 2013; Zink et al., 2009). This section reviews some known 
or hypothesised factors, extending the previous section about online video popularity. 
A key difficulty in determining which YouTube content will become popular is that videos can follow 
complex journeys in how their popularity evolves (Pinto et al., 2013; Figueiredo et al, 2011; Crane and 
Sornette, 2008a). A factor that contributes to the different journeys that videos take to becoming 
popular is the many internal and external features and mechanisms of interacting with YouTube 
content (Törhönen et al., 2019; Pinto et al., 2013; Lerman and Hogg, 2010). Thus, a consideration that 
makes it more difficult to predict the popularity of YouTube videos is the number of external factors 
that can influence whether content is watched and then shared, for example current events 
happening in the news or if it is posted on a social media website (Abisheva et al., 2014; Ahmed et al., 
2013). It is also a challenge to forecast how YouTube will be cascaded throughout a social group or 
network, which will also have a substantial impact on whether a video becomes popular (Ahmed et 
al., 2013). Knowing how viewers will react to or engage with different video content can also have an 
impact in its popularity and is particularly challenging to decipher (Welbourne and Grant, 2016; 
Ahmed et al., 2013). 
A study investigating the relationship between opinions and popularity for a set of 306 YouTube videos 
found that the title, thumbnail and content of a video helped with its popularity much more than the 
number of likes, dislikes or the sentiment of comments (Chang, 2018). 
Videos in YouTube can become viral through being shared on social media and perhaps also by being 
recommended in the website homepage. Virality is difficult to investigate directly on YouTube, 
however, because direct public sharing within the site cannot occur. 
2.3.3 Sharing YouTube Videos 
YouTube and other online videos are routinely shared (Rubenking, 2019; Tellis et al., 2019; Wu et al., 
2018; Khan, 2017; Zink et al., 2009). The sharing of YouTube videos and the associated links within and 
across a range of other forms of social media can help them become popular (Khan, 2017; Abisheva 
et al., 2014; Jenkins et al., 2009). YouTube has made it easy for users to share videos either by linking 
on other websites, directly posting in other social media platforms, such as Facebook and Twitter or 
through pasting a URL within an email (Buzzetto-More, 2014; Freeman and Chapman, 2007). Sharing 
videos showing consumer responses to products are a form of electronic word of mouth 
communication (Bi et al., 2019). Here, opinions are expressed in videos and users share those that 
they agree with, with the trust relationship between the sharer and recipient being important for 
influence rather than direct trust in the video creator (Sokolova and Kefi, 2020; Nouri, 2018). 
Views of YouTube videos can be increased because of sharing through discussion and 
recommendation from a range of on- and offline platforms which include email, blogs, television, links 
on other websites and social media, newspapers, conversation and because of being featured within 
other YouTube videos (Crane and Sornette, 2008). Generally, people enjoy sharing information, 
resources, pictures and videos within their social groups (Oh and Syn, 2015). If a social group, network 
or community engages with a YouTube video then there is more chance that it will be shared and 
continued to be viewed and shared, thus increasing the view count and popularity of the video (Crane 
and Sornette, 2008). There are a range of theories explaining and discussing what motivates people 
to share information through social means with some of the key ideas being: 
 Maslow’s (1946) hierarchy of five basic human needs; 
 Horton’s (1983) hierarchy of information needs; 
 Deci and Ryan’s (2000) model of intrinsic and extrinsic motivation; 
 Herzberg’s (2008) two factor theory – motivation and hygiene 
                                                                                                             (Oh and Syn, 2015) 
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In general terms, a person’s motivation for sharing can fall into two key categories (Oh and Syn, 2015). 
The first is that they want to share knowledge, information and innovation to support the 
development, progress and advancement of a social group or society in the hope that others will do 
the same (Carvalho and Gomes, 2020; Ahmed et al., 2019; Rosenthal, 2018; Wasko and Faraj, 2005, 
Hall, 2003; Jarvenpaa and Staples, 2000; Ekeh, 1974). The other is that people will provide and share 
content and material again to support, improve and solve problems, but with the expectation of some 
reciprocity or reward for providing these services (Hou, 2019; Arthurs et al., 2018; Bishop, 2018; Oh 
and Syn, 2015; Wasko and Faraj, 2005; Hall, 2003). In sharing YouTube videos motivations tend to 
encompass the following: 
 connecting and communicating with peers (Kayumovich and Annamuradovna, 
2020;Quan-Haase and Young, 2010; Barker, 2009; Hanson and Haridakis, 2008; Joinson, 
2008; Nov, 2007); 
 developing a feeling of social connectivity (Khan & Vong, 2014; Liao et al., 2011; Hanson 
and Haridakis, 2008); 
 support and community development (Oh, 2012; Hsu and Lin, 2008; Kuznetsov, 2006); 
 feeling of usefulness (Rubenking, 2019; Feitosa and Botelho, 2017; Lin and Lu, 2011; 
Rafaeli et al., 2005; Bandura, 1997; Constant et al., 1994; Herzberg et al., 1993); 
 developing their identity, personal expression and reputation (Shifman, 2012; Hanson and 
Haridakis, 2008; Richter and Koch, 2008; Eisentraut et al., 2001; Deci and Ryan, 2000); 
 knowledge and information exchange (Carvalho and Gomes, 2020; Ahmed et al., 2019; 
Wu et al., 2018; Lin and Lu, 2011; Hanson and Haridakis, 2008; Richter and Koch, 2008; 
Kuznetsov, 2006; Rafaeli et al., 2005; Blau, 1964); 
 education and learning (Arndt and Woore, 2018; Aytar et al., 2018; Kabooha and Elyas, 
2018; Kardas and Brien, 2018; Nam et al., 2009; Nov, 2007; Rafaeli et al., 2005); 
 entertainment and enjoyment (Arthurs et al., 2018; Klobas et al., 2018; Quan-Haase and 
Young, 2010; Hanson and Haridakis, 2008; Hsu and Lin, 2008; Hills et al., 2000); 
 personal gain (Hou, 2019; Arthurs et al., 2018; Bishop, 2018; Oh and Syn, 2015; Deci and 
Ryan, 2000). 
2.4 YouTube Culture 
The original purpose of YouTube website was to provide a forum for sharing consumer-generated 
videos relating to current and well-known events (Crick, 2016; Hopkins, 2006). YouTube was 
subsequently bought by Google in 2006 (Welbourne and Grant, 2016). YouTube has become globally 
popular (Arthurs et al., 2018; Broderson et al., 2012) with almost two-thirds, 61%, of people using the 
web having watched and shared a video on the website (Eckler and Bolls, 2011), and with 70% of 
viewers being outside of the USA (Broderson et al., 2012) by 2012. YouTube is the world's second most 
visited website (Alexa, 2019) and the web’s largest video sharing site (Alexa, 2019) by 2019, with 
approximately 100 hours of video content uploaded every minute by 2014 (Gaunt, 2015).  
One possible reason for the original success of YouTube is that users can upload videos of any quality 
and in different file formats, making it easy to publish (Crick, 2016; Gill et al., 2007). Further 
developments in technology and improved access to the web, have made it even easier to produce 
and publish videos to YouTube (Dehghani et al., 2016; Gaunt, 2015; Duncan et al., 2013; Alloway and 
Alloway, 2012).  
YouTube’s progressive download technique allows users to start watching a video whilst it is being 
downloaded, eliminating the need to wait for the file transfer to finish (Crick, 2016; Gill et al., 2007).  
This was a revolutionary feature when YouTube launched because it addressed the slow internet 
download speeds of the time (Crick, 2016; Ameigeiras et al., 2012; Gill et al., 2007). YouTube is also 
an inexpensive and instantaneous way of getting your message out and sharing your experiences to a 
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potentially global audience (Wotanis and McMillan, 2014; Kellner and Kim, 2010; Freeman and 
Chapman, 2007).  
One of the advantages of YouTube for video producers is that traditional media barriers to getting 
their creations published to a global audience can be bypassed (Amarasekara and Grant, 2018; 
Cunningham and Craig, 2016) and as a result there is a substantial difference in the content and quality 
of videos (Zink et al., 2009). YouTube provides very little regulation in terms of general production 
quality and content of videos such as camera work skills, quality of picture and sound or the 
interest/popularity of the subject matter (Cunningham and Craig, 2016; Zink et al., 2009), with the 
exception of copyrighted or fraudulent material (Bulakh et al., 2014; Jondet, 2008; Frey, 2007), socially 
inappropriate images, pornography and/or illegal material. However, there are issues with the 
moderation processes that are employed by social media websites in order to locate and remove 
certain content.  When people are employed to check and monitor content it can have a negative 
impact on the mental health and well-being of those individuals because of the material they are 
exposed to (Dwoskin et al., 2019).  Some social media platforms, including YouTube, have used non-
human means of removing ‘inappropriate’ content, such as algorithmic content moderation (Binns et 
al., 2017).  Unfortunately, as a result of using these approaches to content moderation and filtering 
some levels of bias have emerged, with some content being unfairly penalised and removed, for 
example, material relating to LGBT issues (Binns et al., 2017; Hunt, 2017). YouTube also offers a 
Partner Programme which provides users with access to a range of additional resources and features 
to monetise videos (Google, 2019).  Individuals have to agree to specific policies and guidelines in 
order to qualify for the scheme and the content on the YouTube channel is monitored and checked by 
human reviewers providing further monitoring of the appropriateness of video content (Google, 
2019). In addition, based upon the commercial priorities of YouTube the platform promotes what it 
determines to be higher quality content that meets their advertisers demands (Bishop, 2018). 
YouTube provides a different experience to broadcast television, which is one of its natural 
competitors. Users can be active with posting, liking, sharing and commenting on videos or passive 
watchers. In terms of active users, YouTube has supported a significant proportion of society moving 
into a post-television more interactive era, with greater control and fewer boundaries (Strangelove, 
2010; Tolson, 2010; Gaunt, 2015). YouTube has provided users with the ability to: 
 Choose what to watch and when 
 Rate videos with likes and dislikes 
 Post comments on videos  
 Access similar and related videos and content on demand 
 Share and link to specific content 
(Bentley et al., 2019; Jacob et al., 2018; Rigby, et al., 2018; Khan, 2017) 
Videos uploaded to YouTube provide some content that is more reflective of contemporary events, 
issues and the culture of a community rather than the material distributed through more traditional 
means of broadcasting (Burgess and Green, 2009). 
2.4.1 User Demographics 
YouTube is most popular within the 18 to 34-year-old age range, with some of these using the platform 
more regularly than more traditional methods to watch videos (Blank et al., 2019; Gaunt, 2015; Perrin, 
2015; Smith, 2014). 
In terms of gender, YouTube has been used more regularly by males than females (Fisher and Ha, 
2018; Mayoral et al., 2010; Madden, 2009; Molyneaux et al., 2008). Rainie et al. (2012) suggest that 
YouTube use is relatively equal across genders. Other studies suggest that females have become more 
prominent users (Oh and Syn, 2015; Chappell, 2012) or have shown greater interest in the platform 
over the past 10 years (Fisher and Ha, 2018) Research has shown that males generally have more 
34 | P a g e  
 
favourable attitudes to technology than males (Cai et al., 2017), however, although both genders have 
similar levels of computer-based skills females are less confident (Cai, Fan, & Du, 2017). It has also 
been highlighted that females are more likely to use social media in general than males (Carbonell et 
al., 2018; Duggan and Brener, 2013).  There is a significant gender imbalance in top most-subscribed 
channels on YouTube (Döring and Mohseni, 2019), with 20% produced by females (Lauzen, 2012; 
Manning and Shogan, 2012; Soares et al., 2011). Female YouTubers receive a higher proportion of 
negative responses to their videos than males (Wotanis and McMillan, 2014). With the developments 
and progress of YouTube and increase of in interactions with online videos, these gender differences 
could have altered over recent years.  Males are less concerned with rating negatively (through 
dislikes) and are more likely to post comments relating to videos (Khan, 2017).  
Gender differences in the types of videos commented on and watched on YouTube have been found 
(Amarasekara and Grant, 2019; Fisher and Ha, 2018) and in some specific contexts, including for 
museums (e.g., males watching military museum videos and females watching art museum videos) 
(Thelwall, 2018) and science education videos (Thelwall and Mas-Bleda, 2018). The topic of a science 
video seems to be more important than the gender of its presenter, however. 
Other research (Bishop, 2018) has found gender biases within YouTube (and how its algorithm is 
engineered) due to its need for commercially-relevant content to meet the needs of its advertisers. 
The platform has developed an emphasis towards encouraging the production of content that is highly 
gender focused in some areas (Bishop, 2018). In addition, YouTube seems to be more focused upon 
males in terms of the content and producers (including vloggers) than females (Bishop, 2018). This has 
led to a divide between male and female content in some areas, an emphasis upon stereotypes and 
with the overall result being “a clear gendered bifurcation of content on the platform” (Bishop, p70, 
2018). 
Whilst most research about YouTube has focused on its US or Western audiences (it is banned in 
China), it is a global brand with different international trajectories and competitors. For example, in 
India, the ability for users to access local and regional content has been crucial to its success (Mohan 
and Punathambekar, 2019). 
2.4.2 Social Networking 
YouTube provides viewers with social networking opportunities (Klobas et al., 2018; Khan, 2017; Khan 
and Vong, 2014) and features, such as the ability to have a home page (channel), and to message and 
follow eachothers’ channels. Loose virtual communities can also form within YouTube by followers of 
popular channels communicating through comments left on videos. These virtual communities have 
led to people interacting with a wider range of other users within YouTube and as such are developing 
new personal online relationships and feel some sense of social connectedness (Alloway and Alloway, 
2012). For example, some people have felt comfortable enough with their YouTube communities that 
they have used YouTube to come out (Tian et al., 2011; Alexander and Losh, 2010). Through its social 
networking features, YouTube has become a social media ecosystem fuelled by it users across the 
globe and has developed into a constantly evolving and complex online plurality of environments 
(Gaunt, 2015; Alloway and Alloway, 2012; Wesch, 2009). 
2.4.3 Opinion, Debate and Emotions 
As people can now publish their videos to a world-wide audience YouTube has become mainstream 
soap box for the publishing of opinions and commentary relating to current affairs and issues (Shapiro 
and Park, 2018; Van Zoonen et al., 2011; Strangelove, 2010; Van Zoonen et al., 2010). Within YouTube 
it is possible to leave comments and opinions relating to the videos they have watched and respond 
to what others have posted (Kahn, 2017; Thelwall et al., 2012). This feature provided by the YouTube 
platform has sometimes led to the formation of a wide variety of debates and discussions around a 
topic, theme or issue (Hussain et al., 2018; Thelwall et al., 2012; Van Zoonen et al., 2011; Van Zoonen 
et al., 2010; Jones and Schieffelin, 2009). Users have a choice in whether they decide to respond to in 
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text, which is the case, or through a further video presentation (Kellner and Kim, 2010). Within 
YouTube, there are apparently organised groups that interact though comments about non-
mainstream issues (e.g., conspiracy theorists: Alassad et al., 2019).  
YouTube has evolved into a significant and cultural destination for the integration of social and 
emotional experiences (Strangelove, 2010; Gill et al., 2007). As well as hosting videos for recreation it 
has also become a forum for addressing and discussing contemporary issues (Al-Rawi, 2019; Van 
Zoonen et al., 2011; Vis and Mihelj, 2010; Van Zoonen et al., 2010). The ability to post comments and 
feedback relating to videos within YouTube has provided viewers with the opportunity to generate a 
wide range of debates around contemporary and cultural topics and issues (Thelwall et al., 2011; 
Strangelove, 2010; Cha et al., 2007). Some viewers, because of such debates, have created their own 
videos in response to those of others. The virtual YouTube community discussions reflect 
contemporary cultural ideas, issues, politics and trends, and is thus embedded with high levels of both 
unity and conflict (Strangelove, 2010). Some of these video-based online interactions and discussions 
can invoke significant emotion and feeling resulting in quite intense and passionate debates which are 
prevalent with collaboration and understanding, but at the same time can cite substantial levels of 
conflict and discourse (Thelwall et al., 2012). These discussions are anonymous, lack any of the 
structures or formalities of traditional debates and seems to have no boundaries (Thelwall et al., 
2012). Due to the nature and forum of such debates the result is that an ongoing record is left of the 
comments and opinions that have been made (Thelwall et al., 2012). People are now more immersed 
and actively engaged with what they are watching than they have ever been, and there has been a 
metamorphosis and transition from the traditional model of a passive viewer (Bau-Franch et al., 2012; 
Thelwall et al., 2012; Moor et al., 2010). Some of the discussions that are initiated through interactions 
with videos are also continued in the offline environment further demonstrating the significant impact 
and influence that YouTube can have on society (Milliken et al., 2008; Milliken et al., 2008a).Those 
who comment on YouTube videos can remain anonymous or can give themselves an online name or 
pseudonym. This anonymity can provide the opportunity to ignore social norms and lead to anti-social 
or abusive online behaviours (Thelwall et al., 2012; Alonzo and Aiken, 2004; Freidman, et al., 2000; 
Burgess and Green, 2009). As a high proportion of the videos that are uploaded to YouTube are 
amateur, they can sometimes provide a more intimate and real context for the viewer which can lead 
to a greater level of empathy and fewer negative responses (Molyneaux et al., 2008). Those 
discussions that maintain a more negative tone, contain a greater level of undesirable remarks, are at 
times very abusive in nature and focus on more controversial topics tend to have longer threads of 
comments (Chimel et al., 2011; Sobkowicz and Sobkowicz, 2010; Stauff, 2009; Lange, 2007a). As a 
result, some YouTube performers will accept or ignore negative and hateful comments in relation to 
them and their video as the increased interaction can lead to increased popularity (Wotanis and 
McMillan, 2014; Lange, 2007a). Unfortunately, there is a tendency for the public to trivialise online 
abusive and harassing behaviours and which can have the result of discouraging viewers from sharing 
their videos on YouTube (Wotanis and McMillan, 2014; Citron, 2009). Videos that focus on sport seem 
to initiate passionate, negative and controversial discussions (Stauff, 2009), as do videos related to 
radicalism (Murthy and Sharma, 2019).  
2.4.4 Self-Expression 
YouTube is used for self-presentation, self-expression to a potentially global audience of millions of 
users (Berryman and Kavka, 2018; Gaunt, 2015; Shifman, 2012; Kellner and Kim, 2010; Ashraf, 2009; 
Wesch, 2009; Wesch, 2008; Freeman and Chapman, 2007; Grossman, 2006; Kuipers, 2002). YouTube 
has provided people with the opportunity to create their own personal online video profile or persona, 
through a channel page, which they can present to the world (Sokolova and Kefi, 2020; Alloway and 
Alloway, 2012; Kellner and Kim, 2010; Freeman and Chapman, 2007; Lange, 2007). 
YouTube is also used to upload vlogs, diary-like regular personal videos, which have become a popular 
form of recreation and entertainment both for creators and viewers (Arthurs et al., 2018; Berryman 
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and Kavka, 2018; Juhasz, 2009; Freeman and Chapman, 2007). These can also have a serious purpose, 
such as helping to deal with traumatic events by sharing experiences (Schuman et al., 2019). Coming 
out through YouTube (Lovelock, 2019) may also be a form of self-expression. 
2.4.5 YouTube Influencers 
YouTube celebrities are an important aspect of its popularity (Sokolova and Kefi, 2020; Nouri, 2018). 
This is perhaps not well understood because it does not seem to have a direct offline counterpart. A 
content analysis of videos in ten major YouTube channels (i.e., from YouTube celebrities) found gender 
differences in content (e.g., males were more likely to post gaming-related videos) but positive and 
negative self-disclosure were important elements of the videos (Ferchaud et al., 2018). 
One of the reasons for the success of YouTube celebrities is that they may be paid for endorsements 
in their videos, enabling them to be professional and increasing competition (Gerhards, 2019; Bishop, 
2018). They are sometimes called “influencers” because their close bond with followers of their 
channel formed through para-social interactions (Rihl and Wegener, 2017) translates into the power 
to market products (Munnukka et al., 2019). An investigation of the perception of a YouTube celebrity 
Misslisibell by Swedish children found that she was quite influential and successfully blurred the 
advertising/information boundary in her videos (Martínez and Olsson, 2019). YouTube influencer 
endorsements are not always successful, however. For example, a randomised controlled trial of 
influencers promoting healthy eating was unable to detect positive outcomes, whereas promotions 
of unhealthy foods lead to increases in their consumption (Coates et al., 2019). 
2.5 Topics on YouTube 
Many different and exotic topics are posted to YouTube. For example, it supports criminal 
investigations providing victims and the authorities with the opportunity to circulate video evidence 
including information relating to missing people or material showing crimes being committed (Kellner 
and Kim, 2010; Tucker, 2007). This section reports some important types of content on YouTube, using 
some of YouTube’s own category names, as analysed in this thesis. 
2.5.1 Beauty 
Beauty vlogging is an important aspect of YouTube, generating many YouTube celebrity influencers 
(Bishop, 2018; Banet Weiser, 2017; Nathanson, 2014). These give make-up and fashion advice (usually 
from bedrooms) and, when they have a large enough audience, can earn money through paid product 
endorsements and can also expect to receive free products to review (Bishop, 2018; Hou, 2018; 
Dryden, 2016).  Nevertheless, in order to be successful vloggers need to carefully consider what 
YouTube wants in terms of video content, from a commercial and advertising point of view, to remain 
visible to audiences (Bishop, 2019; Jarboe, 2012). 
2.5.2 Causes 
YouTube provides an important forum for exposing public interest concerns, such as poor company 
practices, contributing to mainstream media coverage, affecting movements with the stock markets, 
and supporting acts of revenge (Ayres, 2009; Sykora and Panek, 2009a; Gueorguieva, 2008). It has 
been investigated for public awareness information about the global water crisis (Krajewski et al., 
2019). No studies seem to have claimed that YouTube is effective for disseminating non-political 
cause-related information, however, and one has found that end users do not use it to seek 
sustainable development information (Kang, 2019). 
2.5.3 Education 
Although not one of the original purposes of YouTube, it hosts many educational videos (Belanger and 
Jordan, 2020; Tackett et al., 2018; Olasina, 2017; Duncan et al., 2013; Haran and Poliakoff, 2012). 
Today’s students have grown up with a wide range of interactive and multi-media technologies that 
can be integrated into teaching and learning (Belanger and Jordan, 2020; Savage and Barnett, 2017; 
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Duval et al., 2016). Due to the prominence of technology and the Internet in their day-to-day world 
our current students used to be referred to as the Net Generation (Duncan et al., 2013). The use of 
video is an effective motivational and educational tool (Luo, et al., 2020; Kurt, 2019; Klobas et al., 
2018; Jones and Graham, 2013). 
Educators are developing their understanding of the pedagogical benefits of YouTube as a key tool, 
innovative and fresh approach for developing teaching and learning (Savage and Barnett, 2017; Balbay 
and Kilis, 2017; Styati, 2016; Forbes, 2015). Two key factors that must be considered when using 
YouTube for educational purposes are the credibility of the video content and the time that it can take 
educators to find the materials they require (Jones and Graham, 2013). The length of educational 
YouTube videos can have an impact in whether someone will make the decision to watch, with a length 
of over 15 minutes being off-putting (Greenberg and Zanetis, 2012). Related to this, students, as a 
result of the technological world they have grown up in, have increased expectations in ‘on demand’ 
content and the concept of instant and immediate feedback which can be also be addressed, to some 
extent, through educational interactions with the YouTube platform (Clifton and Mann, 2011; Duffy, 
2008; Skiba and Barton, 2006; Prensky, 2004). 
Discussion, active participation and critical thinking are effective teaching and learning tools (Buzzetto-
More, 2014) and YouTube’s features of sharing and commenting can be used to develop these 
important skills (Kellner and Kim, 2010). YouTube also provides students with the opportunity to share 
educational videos and engage with and create online learning communities where all have the power 
to contribute, support and have their voice heard (Hilner, 2012; Tan and Pearce, 2012; Logan, 2012). 
Using YouTube, students can also develop their ability to participate in self-directed learning (Liu, 
2010). There are also a wide range of YouTube videos that have provided people with the opportunity 
to educate themselves on many different topics for free (Buzzetto-More, 2014; Kellner and Kim, 2010). 
Through the use of the YouTube platform there is the potential to bring aspects of educational practice 
more up-to-date, inspire and motivate students, maintain their attention and make the learning 
experiences they undertake be more memorable, interactive and relevant to real life (Luo, et al., 2020; 
Kurt, 2019; Klobas et al., 2018; Christensen, 2013; Duncan et al., 2013). YouTube also allows educators 
to rapidly and easily disseminate and distribute learning materials, content and information 
(Christensen, 2013). Educators are producing and posting videos of their lectures and How-to visual 
demonstrations to further support, deepen and enhance the learning experiences of their students 
(Ahn and Shin, 2016). 
A significant educational benefit in using YouTube is that it can support and enable performance and 
musical creativity and development (Forbes, 2015; Waldron, 2012; Cayari, 2011; Rudolph, 2009). 
Music educators have therefore integrated the YouTube platform into their practice (Waldron, 2012; 
Cayari, 2011; Rudolph and Frankel, 2009). Not only does YouTube provide students with the 
opportunity to express their creations in a multimedia format, but also provides them with access to 
share them with a potentially large and global audience and to a range of instant and constructive 
feedback (Cayari, 2011). Students can also use YouTube as a source of inspiration for developing their 
work (Liberatore et al., 2019; Waldron, 2012). Audiences may tend to be geographically close to the 
creator rather than international, however (Saurabh and Gautam, 2019). 
One investigation has tried to estimate the cognitive value of an educational video from a set of ten 
properties, finding that length and speaker gender had little predictive power but that more relevant 
properties (modality, spatial congruity) were more important (Shoufan, 2019). 
2.5.4 Gaming 
YouTube hosts many videos with footage of amateur gamers playing a computer game (Arthurs et al., 
2018). These can showcase the skills of the user and have interest for the challenge as well as giving 
gameplay insights and para-social interaction through the commentary of the gamer and comments 
38 | P a g e  
 
on the video. Live streaming games may add to the excitement (Göring et al., 2019). A prominent 
YouTuber for both gaming and para-social connections is PewDiePie (Fägersten, 2017). As mentioned 
above, gaming videos seem to be a male genre (Ferchaud et al., 2018). 
The commentaries on gaming videos can also be used for usability testing (May, 2018). 
2.5.5 Health 
It is used regularly to support health and well-being (Anthony et al., 2013; Lo et al., 2010; Madathil et 
al., 2015). YouTube has provided the health industry with the opportunity to get important messages 
out to the public and through videos have provided the public with more accessible and multimedia 
ways of disseminating important information, for example, about the benefits, issues and risks of 
immunization (Lo et al., 2010; Steinberg et al., 2010; Keelan et al., 2007). YouTube has also been used 
to support viewers’ knowledge and understanding of current medical and mental health news, 
awareness and issues (Lewis et al., 2011). There is also misleading health information on YouTube 
(Goobie et al., 2019), and it can sometimes gain an audience (Yiannakoulias et al., 2019). For example, 
an investigation of prostate cancer videos disturbingly found that videos with higher quality 
information were less viewed and received fewer likes per view (Loeb et al., 2019).  
Information about YouTube video consumption patterns has also been used, along with other social 
media data, to gain insights into trends in the spread of diseases (Watad et al., 2019). 
2.5.6 News 
Important and contemporary ideas, news, issues and global events are now the subject and focus of 
much commentary and discussion, with YouTube providing a significant mainstream platform for this 
to take place (Klobas and McGill, 2019; Broderson et al., 2012; Sykora and Panek, 2009; Van Zoonen, 
Mihelj and Vis, 2011; Crane et al., 2010; Van Zoonen, Vis and Mihelj, 2010). In addition, some YouTube 
videos discussing current issues have triggered news and media coverage themselves (Van 
Langendonck, 2009).  
An investigation of YouTube news videos that were most tweeted or most popular on four news 
website channels found that positive news videos dominated this popular set, with surprising and 
socially relevant content being important to garner views (Al-Rawi, 2019). Political news videos in 
target audience languages may also be used to disseminate foreign policy content online. A study of 
Russia Today suggests that this strategy may not always reach the target audience, however (Orttung 
and Nelson, 2019). 
Videos in the News and Politics categories on YouTube host the most interactive discussions in 
YouTube, in the sense of comments with the highest proportion of replies from other commenters 
(Thelwall, Sud, and Vis, 2012). 
2.5.7 Politics 
YouTube has the power to impact on and influence national politics (Lillie, 2008), but this influence 
may be relatively small (Baumgartner and Morris, 2010). YouTube is used as an important part of the 
political process (Halpern and Gibbs, 2013; Broderson et al., 2012; Baumgartner and Morris, 2010; 
Agichtein et al., 2008; Gueorguieva, 2008; Hang and Yun, 2008; Im, 2010; Thorson et al., 2010; Duarte 
et al., 2007). YouTube has provided political operatives with an additional tool to reach more of the 
undecided and disinclined groups of voters (Kellner and Kim, 2010). Political operatives also research 
into which YouTube videos potential voters are watching and are using this to produce targeted 
political advertising and to disseminate their candidate’s message to greater effect (Weber et al., 
2013). YouTube videos and the associated discussions and comments are helping candidates to find 
out some of the thoughts, opinions and concerns of the voting public (Garcia et al., 2012). YouTube 
videos have also provided political candidates and voters greater access with each other, particularly 
in users being able to discuss their concerns (Kellner and Kim, 2010; Gulati, 2010). Indirect political 
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messages may also be spread through satire in video, but these do not seem to be effective with those 
that disagree with them (Bowyer et al., 2017). 
As mentioned above videos in the News and Politics categories on YouTube host the most interactive 
discussions (Thelwall et al., 2012). 
2.5.8 Marketing  
YouTube provides marketers and advertisers with a valuable tool and a rich source of market 
consumption, insights and trends (Sokolova and Kefi, 2020; Bellman et al., 2009). YouTube videos can 
also be used by members of the public who are unhappy with a product or service that they have 
received and are able to make their opinions known to a much wider audience (Kellner and Kim, 2010; 
Ayres, 2009). Some users have developed videos to look like consumer generated content but have 
covertly hidden advertising messages, techniques and product promotion into content (Freeman and 
Chapman, 2007). Viewers find some of the advertising techniques used by YouTube to be annoying 
and a high proportion skip these when they can (Dehghani et al., 2016). In 2014, 88% of US companies 
were using social media websites, including YouTube, for their advertising and marketing purposes 
(Dehghani et al., 2016). For example, the success of an e-cigarette brand has been attributed to its 
social media campaign, including YouTube videos (Huang et al., 2019).  Nevertheless, companies are 
reliant on people becoming their distributors and sharing their message, and videos, with other users 
within their social groups and networks (Barry et al., 2014). 
YouTube has been used as an online tool for the dissemination and diffusion of information, 
innovation and ideas (Klobas et al., 2019; Aytar et al., 2018; Kardas and Brien, 2018; Lillie, 2008). Some 
diffusion can take the form of trying to reach millions of YouTube users whereas other approaches are 
more interpersonal with people undertaking more social exchanges where ideas and innovations are 
developed (Dynel, 2014; Bou-Franch et al., 2012; Lillie, 2008). Ideas shared within YouTube, these 
might be adopted by relevant companies or distributors (Lorenzo-Dus et al., 2011; Bou-Franch et al., 
2012; Lillie, 2008). 
YouTube seems to be an effective venue for product advertising (Duffett et al., 2019). This creates the 
possibility to investigate customer reactions to advertising through their online interactions. For 
example, a Dove skincare product campaign has been investigated through YouTube video comments 
(Feng et al., 2019). 
Since being bought by Google, YouTube has adjusted its focus to favouring content that is considerably 
more aligned with their advertisers’ demands and commercial interests (Bishop, 2018).  This emphasis 
upon using the platform for commercial purposes demonstrates a significant move away from original 
open philosophy of why YouTube was created.  It has also has the effect of pushing, and rewarding, 
users to producing video content that is more in line with this commercialisation priority, so that their 
productions are more visible to audiences and as a result has emphasised biases (Bucher, 2017) within 
the platform and hidden more diverse and creative content (Bishop, 2018;  Cunningham et al., 2016; 
Jarboe, 2012).  
2.6 Uploading and Categorisation of Videos - YouTube 
When a video is uploaded to YouTube the uploader must provide a title (up to 100 characters), enter 
a description (up to 5000 characters) and choose a thumbnail picture (either a still from the video or 
a picture relating to the video) (YouTube, 2020). Individuals have a range of other decisions to make 
about the video including its visibility, whether they will allow comments (different levels are 
available) and ratings (likes and dislikes), and when the video will become available for viewing. Then 
any age restrictions have to be chosen and the user must also highlight whether or not it is a paid 
promotion.  The uploader can then add their own tags (up to 500 characters) relating to the video, 
using words that relate to the content and material of the production in order to increase its 
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chances of being found by other YouTube users.  The accuracy of tagging is dependent upon spelling 
and the wide variety of vocabulary and terminology that individuals might use when searching for 
videos (Greenaway et al., 2009). One of the difficulties with YouTube is that only the uploader is able 
to decide which tags to assign to a video and this cannot be added to by viewers (Greenaway et al., 
2009), who may come up with additional and possibly more accurate tags which could support the 
visibility of the video.  The accuracy of tagging therefore lies with the uploader of the video (Toderici 
et al., 2010; Greenaway et al., 2009) Greenaway et al (2009) suggest that tagging was an extension 
of the description and title, and that individuals relied on YouTube categorisation process to 
establish the overall category of the video.  YouTube then requires the uploader to manually assign 
one of their broad categories (e.g. Comedy, Education, Entertainment, Gaming, Sports…) in which to 
place their video (Ortega-León et al., 2019).   Although, the categories have developed over the 
years they there have not been substantial changes (YouTube, 2020) The uploader will need to 
carefully consider their decision as they are only allowed to choose one of the board categories 
(YouTube, 2020).  This could lead to people wrongly categorising their videos to increase the 
potential audience, by choosing a more popular category. An additional problem is that categories 
can be understood in different ways depending upon the uploader (Ortega-León et al., 2019; 
Toderici et al., 2010). In order to increase the views of their content (and as a result improve their 
income) some uploaders provide misleading information, such as popular phrases. This ‘clickbait’ has 
become a problem for social media platforms (Zannettou et al., 2018). 
2.7 Research with YouTube Data 
YouTube provides the public with access to its data and most videos are accompanied with various 
metrics that can be used for analysis (Arthurs et al., 2018; Richier et al., 2014). The data which can be 
extracted from YouTube is a sophisticated and valuable research resource with the potential to 
demonstrate contemporary social problems and issues and can also provide valuable insights into 
society’s social behaviours online (Anthony et al., 2013; Snelson et al., 2012; Chenail, 2011; Jang, 
2011). A substantial proportion of the research into YouTube has had a humanities agenda and 
focused on investigating genres, topics and different types of information encompassed within the 
videos (Thorson, et al., 2010; Steinberg et al., 2010). It has extended to discussing and analysing the 
impact that YouTube can have on society because of the information that is disseminated within the 
videos that it hosts (Lewis et al., 2011). 
Even though YouTube has been the focus for some significant and large-scale quantitative research 
(Ding et al., 2009; Gill et al., 2007) the majority has still tended to be of a limited scale and more 
qualitative in nature (Thelwall et al., 2011). YouTube as a social network website, the mechanics 
involved with searching for videos within the website and the use of video data for social sciences and 
health have all been the focus of different research projects (Lange, 2007; Keelan et al., 2007; 
Cunningham and Nichols, 2008; Jang, 2011). Research relating to YouTube has also focused on topics 
such as time series analysis, view count prediction, collective responses, political issues, audience 
partisanship and the news (Crane and Sornette, 2008; Szabo and Huberman, 2010; Garica et al., 2012; 
Weber et al., 2013; Crane et al., 2010). 
Other research has specifically focused on elements of the popularity of online content and videos. 
Lee et al. (2010), have, with the growth of user generated content and social sharing sites such as 
YouTube, researched the popularity of online content. They suggest that some content becomes 
popular based on a range of factors and that this differs from user to user and from content to content. 
One of their key findings is that these multiple and varying factors make it difficult to predict the 
popularity of online content. Lee et al. (2010) specifically focus on the popularity of thread-based 
discussions and the content within these, and tries to predict a popularity metric. Nevertheless, 
although their findings are interesting in terms of general online content and they discuss YouTube as 
a platform for discussion it is not the focus of the research. In contrast, Figueiredo et al. (2014) focused 
on YouTube video content and its popularity. Their research investigated users’ perceptions and 
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opinions of the content of popular videos presented in pairs. Users were asked to consider video 
content in terms of enjoyment, their willingness to share and whether they thought it would become 
popular. The key finding was that when there was a consensus relating to the content of a video it 
almost always became popular (Figueiredo et al., 2014). This research did not focus on why users 
choose to watch specific video, determine video popularity based on key associated metrics or key 
popularity predictors.  In addition, the study uses a relatively small number of respondents to establish 
its findings (Figueiredo et al., 2014). 
Other research has analysed the sharing of YouTube videos and the impact that this can have on them 
becoming virally popular (Broxton et al., 2010). They used a substantial amount of YouTube videos, 
focused on the socialness of the videos (specifically the importance of sharing videos) and discussed 
patterns of virality between highly and low social videos. Although this research (Broxton et al., 2010) 
demonstrates the importance and impact of video dissemination through various online social 
platforms and ranks these accordingly it does not focus on the factors that encourage users to 
specifically watch certain videos. Borghol et al. (2011) focused on researching the popularity evolution 
of videos but focused specifically on those that had been recently uploaded.  They suggested that the 
current popularity of a video is not a reliable predictor of the future of popularity and analysed the 
time taken for a popular video to peak. This study only focused on modelling and tracking popular 
videos that had recently been uploaded and did not investigate popularity factors or user decision 
making behaviours (Borghol et al., 2011). Chowdhury and Makaroff (2013) discuss the popularity 
growth of videos based on early views, but does not consider a wider range of factors for predicting 
popularity. 
Figueiredo et al. (2011) have focused on the development of YouTube popularity over time. They 
investigated the popularity growth patterns for individual videos with consideration of users’ access 
(specifically through referrers) and of some of the factors that attract them to the videos selected 
within the study. The findings focus specifically on three different sets of videos extracted from 
YouTube and shows that the main referrers that attract users to videos are the YouTube search and 
internal lists, however, although video metrics are discussed in relation to popularity no in-depth 
investigation or analysis of this seems to have been done. Although not the key focus of the study it 
also suggests that mobile devices are having an important impact on video popularity. 
The ‘peak day’ of viral videos has been estimated through a modelling approach that exploited 
associated metadata (Jiang, et al., 2014). The findings suggested that viral videos have a higher level 
of socialness and have shorter titles, durations and life spans. They also propose that the popularity 
of the uploader and the upload time of videos with similar content can have an impact on the viral 
popularity. This study focuses specifically on viral videos and does not investigate a wider range of 
videos, or predicting factors or user behaviours to any significant depth. 
Other YouTube research has focused on the following: 
 The discriminatory elements and biases of YouTube due to advertisers demands (Bishop, 
2018) 
 Using random prefix sampling to estimate the number of videos within YouTube (Zhou et al., 
2011) 
 Vivisecting and measuring the YouTube video delivery platform (Adhikari, 2012) 
 Analysing the research priorities of YouTube (Snelson et al., 2012) 
 Masculinity and video blogging (Morris and Anderson, 2015),  
 The use of YouTube and touch screen technologies with the motor impaired (Anthony, 2013) 
 The development of YouTube video memes (Shifman, 2012) 
 Modelling of view count dynamics within YouTube (Richier et al., 2014) 
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 YouTube has been investigated as an educational engagement tool (Buzzetto-More, 2014; 
Mayoral and Tello, 2010; Ashraf, 2009; Duffy, 2008) 
 As a platform for supporting learners by providing them with worked examples (Christensen, 
2013) 
 Using YouTube (and Facebook) to develop student-centred learning and engagement 
opportunities (Cuvas and Kohle, 2010).  
 Using YouTube as a tool to support the meeting of affective learning objectives (Snelson and 
Elison-Bowers, 2009a) 
 User generated videos as effective learning resources (Chenail, 2011) 
 How YouTube videos can support clinical education skills (Duncan, et al., 2013) 
 Teaching music through the development of online communities (Waldron, 2013) 
 Critical pedagogy and video media activism within education (Kellner and Kim, 2010).  
 Online deliberation and discussion within YouTube (Halpern and Gibbs, 2013) 
 The practice of commenting and forming discussions based on YouTube videos (Thelwall et 
al., 2012) 
 Performing genders within YouTube (Wotanis and McMillan, 2014) 
 The consumption, production and distribution of music through YouTube (Cayari, 2011). 
 Industries use social networking sites (Kim et al., 2014) 
 Motivations for sharing information and providing social support through social media (Oh, 
2015) 
 As a platform for fostering relationships and a medium for disseminating protest videos 
(Meek, 2012) 
 Measuring and analysing online friendship networks within YouTube (Mislove et al., 2007) 
 User interactions and responses within online video social networks (Benevenuto et al., 
2009a) and general social networking through YouTube (Lange, 2008) 
 Investigations relating to the participatory culture of YouTube (Burgess and Green, 2009) 
 The propagation of video content based on social network structures (Yoganarasimhan, 2012) 
 Participant frameworks (Dynel, 2014) 
 Analysing features of social networking and dynamics within video-sharing services (Halvey 
and Keane, 2007) 
 Growth behaviour of social differences of YouTube videos (Broxton et al., 2010) 
 Analysing how videos that become viral are shared (Broxton et al., 2013)  
 The evolution of videos that become popular and their growth over time (Figueiredo et al., 
2011). 
 The ranking of YouTube videos and tag space and integration (Choudhury et al., 2009) 
 Video quality descriptors (Crane and Sornette, 2008) 
 What viewers are watching in YouTube and what they are sharing (Dimopoulos et al., 2013), 
discussion relating to user sharing probabilities (Nwana et al., 2013) 
 Investigation of the characteristics of short video sharing on the internet (Cheng et al, 2007). 
 YouTube video recommendation system (Davidson, 2010) 
 User participation, interaction and consumption on YouTube (Khan, 2017; Khan and Solomon, 
2013) 
 YouTube as a tool and platform for the diffusion and sharing of innovation (Lillie, 2008) 
 Analysing the feedback from communities through commenting on YouTube videos 
(Siersdorfer et al., 2010) 
 The analysis and modelling of YouTube traffic with a focus on enhancing network design 
(Ameigeiras et al., 2012) 
 The analysis of workload characteristics based on usage patterns, file properties, video 
popularity and referencing (Gill et al., 2007) 
 YouTube and network traffic (Gill et al., 2007) 
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 University campus network traffic relating to YouTube video requests (Zink et al., 2008) 
 Discussing user generated video files (Mitra et al., 2011; Cheng et al., 2008; Cha et al., 2007)  
 The future of the YouTube platform and members of society broadcasting themselves (Jarrett, 
2008) 
 Utilising user generated content website as video on demand websites (Cha et al., 2007) 
 The discussed and analysis of news-based videos on YouTube (Peer and Ksiazek, 2011), 
 YouTube as an alternative form of journalism (Poell and Borra, 2012) 
 YouTube literature and its distribution (Snelson, 2011) 
 The citing of YouTube videos within academic publications (Kousha et al., 2012) 
 The issues of YouTube providing access to underage alcohol marketing and promotional 
content (Barry et al., 2014) 
 Advertising tobacco content (Freeman and Chapman, 2007) and the influence that YouTube 
advertising can have on young users (Dehghani et al., 2016) 
 Over popular and social trends (Gaunt, 2015) 
 The negative impact of adopting shock tactics within YouTube videos (Henke, 2013) 
 Violence in web-based online video entertainment (Weaver et al., 2012) 
 Issues of transmitting threats through YouTube (Celis, 2013) 
 Extracting information and data relating to elections (Shah, 2010) 
Despite this wide range of research, there does not appear to be any research focusing on the samples 
of data that the YouTube API provides, analysing this and comparing it to data collected from YouTube 
users (UK) using questionnaires. This contrasts, for example, with the situation for web search engines, 
which have been systematically investigated to assess their performance over time (Bar‐Ilan, 2002; 
Bar‐Ilan and Peritz, 2004; Rousseau, 1999). YouTube views are potentially a new altmetric, in the sense 
of an indicator of impact of scholarly work (Priem et al., 2011), because they are derived from the 
social web and may shed light on an aspect of academic impact for some videos. YouTube users may 
therefore want to know what makes a video popular and How-to estimate the impact of their videos 
(Haran and Poliakoff, 2012; Sugimoto and Thelwall, 2013). The development, continual growth and 
changing nature of YouTube makes it almost impossible to capture its, and user, behaviour at a point 
in time (Gill et al., 2007). In addition, the size of YouTube and the number of users any sample sized 
used would not be able to be used to represent the whole population and will always limit the 
generalisability of research findings (Dehghani et al., 2016). 
2.7.1 YouTube Application Programming Interface (API) 
YouTube provides users and developers with access to video data and statistics though its Applications 
Programming Interface (API) (Abisheva et al., 2014; Richier et al., 2014; Zhou et al., 2010; Bent, 2010; 
Gill et al., 2007). This interface lets applications access data and most statistics that are normally 
available to anyone accessing the YouTube website (Abisheva et al., 2014; Richier et al., 2014; Zhou et 
al., 2010; Bent, 2010). A high proportion of the research focusing on YouTube and the information and 
data that it provides uses the API (Figueiredo et al., 2014; Richier et al., 2014; Chowdhury and 
Makaroff, 2013; Ameigeiras et al., 2012; Figueiredo et al., 2011; Thelwall et al., 2011; Chatzopoulou 
et al., 2010; Choudhury, Breslin and Passant, 2009; Gill et al., 2007). The API provides users with 
samples of YouTube data and statistics, but it is crucial to determine what type of sample is provided 
to ensure interpret the results of any analysis of the data. 
2.8 Summary 
Posting, watching, commenting, discussing, rating and sharing videos has become a popular form of 
entertainment. The ability to produce, post and interact with videos has become easier, particularly 
with mobile phones.  
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YouTube has become one of the most popular websites. High levels of online video content are 
uploaded to the website daily and it has become the world’s largest source of a wide range of user-
generated content. Some of the videos posted have become popular and viral, whereas others have 
few views. YouTube has made it easier for people to watch, upload and interact with online videos, 
and has provided users to a global platform to express themselves in various ways. The website has 
also become an area for social interaction, networking and the formation of networks and 
communities. YouTube has also become a tool for a variety of purposes including: 
 The replacement of traditional TV – Entertainment 
 Humour and comedy 
 News and current affairs 
 Marketing and advertising 
 Sharing information and innovation dissemination 
 Communication, debate, discussion and social interaction 
 Expressing opinion and complaining 
 Political campaigns 
 Advice 
 Education and personal development 
 Health and well-being 
 Revenge 
 Criminal investigations 
 Research  
A wide variety of online videos are now available on demand. Viewers can choose what they want to 
watch and when. Online videos offer differences in length, life span and content in relation to more 
traditional television programming. Social networking and connections may greatly influence video 
watching patterns. YouTube is most popular with 18 to 34-year olds but it is unclear whether it used 
more by males or females. 
Popularity is a social construct that relates to something that is liked, used, discussed and/or shared 
significantly within a social group or network. The factors that may influence whether something 
becomes popular include the following. 
 Topic 
 Emotional responses  
 Prominence and attention within homophilous or hetrophilous social groups 
 Social processes, such as key and influential people with social or significant standing and their 
opinions, information cascades, word-of-mouth (on and off line) and other diffusion processes 
(diffusion theory)  
 Society’s expectations, structures, pressures and influences 
 Banning or denying access 
Some videos have become popular due to viral sharing. Viral videos, unlike popular videos, rarely 
generate social views across long periods of time. Viral videos generally have a short shelf-life because 
social appetite wanes quickly. The popularity (in the sense of frequently encountered) of a video is 
best measured by its view count. Videos that are more popular tend to receive more comments and 
ratings (both positive and negative). Factors that help videos become popular or viral (i.e., frequently 
shared in a short period) include the following. 
 Social web, email or blog sharing or recommending  
 Offline or online discussions 
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 Entertainment, music, cute, humorous, inspirational, fails, remixes, parodies, and memetic 
content 
 Invoking strong emotional responses 
 Innovative, creative or engaging 
 High quality production values 
 Being banned or flagged as unsuitable 
 Producer or uploader, title, title length, video duration, day and time of day uploaded, current 
affairs and issues, originality, accessibility, and the age and gender of typical viewers 
Despite the known or hypothesised factors above, it is difficult to predict video popularity of the varied 
nature of popular videos as well as ongoing changes in popular culture. 
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3 Aims and Research Questions 
This thesis addresses several broad gaps in the literature, addressed through two types of data. No 
previous study that has collected data from YouTube and online users and then compared this to 
determine video category popularity and key factors influencing decisions to watch videos. This 
research is based around collecting data relating to YouTube from two different, but key sources:  
1) Through extracting video data and metrics from the YouTube API; and,  
2) Through questionnaires given to a convenience sample of human web users.  
From the collected data this research reports an in-depth analysis into the YouTube API (to 
understand the sample provided), video category popularity, user interaction, decision making and 
watching behaviours, and the differences between genders, ages and user levels.  
3.1 Research Aims 
The following are the research aims of this PhD thesis: 
 To determine the type and scope of sample provided by the YouTube API – before any data 
analysis it is important to understand the sample so that conclusions are valid and any biases 
identified. 
 To identify which YouTube categories are the most popular i.e. have the highest number of 
average views – this will be achieved through a process of analysing two sets of data. One 
extracted from the YouTube API and the other collected using a questionnaire from a 
convenience sample of web users.  
 To identity and quantify factors or features which have an impact on the popularity of 
YouTube videos – because of analysing the collected data determinations will be made, based 
on both samples, in the popularity of YouTube videos.  
 To determine to what extent users are interacting with YouTube videos and to highlight, 
discuss and analyse different levels of engagement across the various categories – this will 
also be achieved through collecting, processing and analysing data that has been extracted 
from the YouTube API and from a questionnaire. 
 To identify UK YouTube users’ watching behaviours, decisions and habits in what videos they 
are watching and the key factors that influence these – again this will be achieved by 
processing, analysing and comparing the data collected from both sources.  
 To identify the metrics which have a significant relationship with viewing behaviours – from 
the data collected each of the various YouTube metrics will be analysed and those that have 
the most impact in users watching videos will be presented. 
 To determine the key factors which influence users’ decisions to watch YouTube videos. 
A set of focused research questions have been formulated to address the above aims. 
3.2 Research Questions 
This study addresses the following eight research questions.  
RQ1: How does the YouTube API select the sample of videos that it returns for a category search? 
This question concerns a different issue than the main aims of this research (popularity, user 
behaviour and influencing factors) and focuses on the nature of the sample provided by YouTube via 
its API. This is an important question because users will see this sample if they search for videos by 
category. It is also important as a preparatory question for some of the other research questions 
because it will provide an understanding of the sample provided so that any biases can be taken into 
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consideration. Many studies have used information from the YouTube API, but none have reported a 
detailed analysis of the sample provided (Figueiredo et al., 2014; Richier et al., 2014; Chowdhury and 
Makaroff, 2013; Ameigeiras et al., 2012; Figueiredo et al., 2011; Thelwall et al., 2011; Chatzopoulou 
et al., 2010; Choudhury, Breslin and Passant, 2009; Gill et al., 2007). 
The following research question (RQ2) focuses on the differences between various metrics and 
popularity across the categories. It is addressed with the data sample extracted from YouTube through 
the API. 
RQ2: What is the age, length, and popularity of videos in each YouTube category and how do these 
vary between categories? 
YouTube provides users with the opportunity to access information and associated metrics relating to 
the content that is uploaded to its website and can be used to develop a deeper knowledge and 
understanding of videos. This research question addresses key aspects of the information and metrics 
to provide a clearer understanding of a sample of YouTube videos and their popularity. It also 
addresses any key similarities and differences across the main YouTube video categories. 
The following three research questions (RQ3, 4 and 5) address factors that influence the popularity of 
YouTube videos. They are addressed with the data sample extracted from YouTube through the API. 
RQ3: Which categories of YouTube video are the most popular? 
To investigate the popularity of YouTube videos, it is logical to investigate whether some types of video 
are more popular. Although there are many ways to classify the type of a video, one important 
characteristic is its YouTube category. This is important because the viewer may find a video through 
a category search and because the categories have been defined by YouTube, to group videos in a way 
that they believe is relevant to users (Ortega-León et al., 2019). Thus, any discussion of YouTube video 
popularity should start with the categories in which they have been placed. The research will consider 
both the overall average number of views and the average number of views per day to provide a clear 
and more detailed picture of what viewers are watching (Frasco, 2014; O’Neill, 2011; Cutler, 2009). 
Nevertheless, since popularity should not be exclusively thought of in terms of views alone (Brodersen 
et al., 2012; Chatzopoulou, et al., 2010; Benevenuto et al., 2009a), other research questions address 
different aspects of popularity.  
RQ4: Which categories of YouTube video do users comment on most?  
Videos that generate many interactions can be influential even if they are not highly viewed because 
interactions may represent active engagement. Interactions are also important because they may lead 
to viral or other sharing. This research question thus addresses a second, and complimentary, aspect 
of popularity. Since more viewed videos often receive a higher proportion of comments and ratings 
(Wotanis and McMillan, 2014; Pinto et al., 2013; Bent, 2010), there should not be a big difference 
between the answers to RQ3 and RQ4 but this has not been previously tested.  
RQ5: How does the length, like count, dislike count and comment count of a YouTube video relate 
to its popularity?  
Video popularity is likely to be related to factors other than its subject (or category, as in RQ3). The 
properties that most affect popularity are impossible to quantify on a large scale, such as the design 
creativity and professionalism, topicality of the issue, popularity of the art genre displayed (e.g., 
international pop star or local folk group) or usefulness of the information conveyed (e.g., in DIY 
videos). Nevertheless, with a large volume of data it may be possible to identify general trends in 
simple properties, which may give useful insights into popularity on YouTube. RQ5 addresses length, 
like count, dislike count and comment count because these are available from the YouTube API and 
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can therefore be obtained on a large scale. Whilst this is essentially a type of convenience sample of 
video properties, rather than a theoretically-informed selection, it is a practical method to gain robust 
properties for a large sample of videos. It is therefore a logical starting point for this type of research. 
Overall, RQ3, RQ4 and RQ5, will provide insights into some factors that affect the popularity of videos. 
This thesis also investigates the popularity of videos from the user perspective, through a survey of 
UK YouTube users. Although YouTube used to display time series information alongside some videos 
until November 2018 (see the descriptive text for this video: https://www.youtube.com/ 
watch?v=xQp8dPoM2XE), it does not report the age, gender, or other activities of the viewers of a 
video. It is possible to get some insights into who views popular videos from the content and 
usernames of comments left underneath each one but since about 1 in 1000 views translates into a 
comment, this gives little information about the typical YouTube user. Hence, surveys, interviews, 
ethnography or focus groups are needed to gain useful insights into the UK YouTube user perspective. 
Of these, surveys are most suitable for insights into video popularity because they can reach the most 
people and may yield quantitative information that can be compared with the individual video 
popularity information. 
The following two research questions (RQ6 and 7) concern the popularity of video type and the factors 
that influence decisions to watch across the gender, age and user levels of viewers. They are addressed 
with the data sample collected through questionnaires. 
RQ6: What are the main gender and age differences in the types of YouTube video that are the most 
popular? 
Many videos seem likely to be popular with restricted demographics on YouTube, such as k-pop 
videos, gardening advice and ballroom dance instructions. Whilst this is obvious at the level of 
individual videos, it is not clear which types of videos would most appeal to different demographics in 
general. This research question addresses RQ3 from the user perspective to give more fine-grained 
information. As for RQ3, and for the same reasons, YouTube video types are analysed only in the 
YouTube categories. The user characteristics of gender, age and level of YouTube use (i.e. how often 
they watch YouTube videos) were selected as three salient characteristics that seem likely to reveal 
differences. Previous research has found variations within these areas separately, but not from a 
systematic comparison (Andone et al., 2016; Gaunt, 2015; Perrin, 2015; Smith, 2014; Duggan and 
Brener, 2013). Whilst other differences are likely to influence video choices, including social class, level 
of internet access, nationality, ethnicity and culture, these were not investigated for the pragmatic 
reason that not enough data could be obtained about them from a focused questionnaire sample (as 
justified below) to give statistically significant conclusions.  
RQ7: Which factors influence the decision to watch a YouTube video for different genders and ages? 
As discussed for RQ5, this thesis investigates a selection of factors other than the topic of a video that 
influence the likelihood of it becoming popular. This is also investigated in RQ7 from the user 
perspective to assess whether demographics affect the influencing factors. This will determine which 
factors could be manipulated, such as by video producers, marketers, companies and politicians, to 
increase the likelihood of UK YouTube users watching their videos. This question addresses visible 
YouTube metrics which demonstrate the preferences, decisions and opinions of others: likes, dislikes, 
views, and comments. This is relevant because popularity can occur virally by following, copying, or 
imitating (or going against) the behaviours, opinions, preferences and decisions of others or groups 
within their social groups or society (Eger, 2015; Oh and Syn, 2015; Boyd, 2014; Milkman and Berger, 
2014). 
The final research question (RQ8) concerns the combined data collected from YouTube and the 
questionnaires. 
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RQ8: What influences the decision to watch a YouTube video? 
The final research question ties together the findings of RQ2 to 7 and critically evaluates them to 
provide conclusions about what has been deduced about YouTube watching preferences. 
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4 Methods 
4.1 Research Design 
The research method focused on collecting two different sets of data relating to the watching and 
accessing of videos within the YouTube website. Gathering two sets of data meant that the findings 
would represent different samples of video watching behaviour which could be analysed separately 
and then compared to find common themes and key differences. The samples collected would provide 
two different perspectives of user interaction: YouTube data and YouTube users. Due to the 
substantial user base (with YouTube being the 3rd most popular website) of YouTube, it was not 
possible to analyse all YouTube videos or users and so a sampling approach had to be devised.  
1) Method 1 - Submitting category-based searches within the YouTube website to produce a 
large sample of video information (RQ1, RQ2, RQ3, RQ4 and RQ5); 
2) Method 2 - Survey a sample of YouTube users through distributing a questionnaire to 
potential respondents within a convenience sample (RQ6 and RQ7). 
The research design incorporated both quantitative and qualitative data collection in a multi-
methodology.  However, as the two approaches used were not mixed (i.e. were independent of each 
other and not blended) this was not a mixed methods design. The quantitative data (YouTube 
metadata) were analysed using quantitative data analysis methods (explored in further detailed, 
below).   The qualitative data (questionnaire data) were analysed using quantitative data analysis 
methods (also explored further, below).  Onwuegbuzie & Combs, (2010) define the application of 
quantitative data analysis to qualitative data as ‘crossover’ analysis.  Hitchcock and Onwuegbuzie 
(2020, p63) expand on the definition, saying that crossover analysis comes from “…from using 
techniques from one tradition (e.g., quantitative) to analyse data associated with the other tradition 
(qualitative)…and vice versa.” Therefore, for the qualitative data at least, the data analysis 
methodology was a comparison of percentages using 95% confidence intervals to determine 
statistically significant differences in the findings. 
The first sample was collected from the YouTube API using the data extraction program Webometric 
Analyst. Searches, based on the key YouTube video categories (at the time), and were run over two 
periods of time, using daily and five-day searches for comparison. A data extraction program was used 
with the YouTube API because it would have been too time consuming and impractical to search each 
category and extract enough data manually. This data was initially processed, compared and analysed 
to gain a greater understanding of the sample provided by the YouTube API in order to determine any 
patterns within the way in which videos were chosen (RQ1). The two sets of YouTube data were 
combined and analysed, focusing on metric variations and popularity of videos between categories 
(RQ2), which types of video were the most popular (RQ3), user interaction with types of video (RQ4) 
and the relationship between key video metrics and popularity (RQ5). 
One of the key metrics used to determine the popularity of videos within this thesis was the views 
received. As views are one of the most important indictors of popularity by those who produce and 
upload videos to YouTube (Dynel, 2014; Frasco, 2014; Figueiredo et al., 2011; Chatzopoulou et al., 
2010; Gill, et al., 2008; Zink, et al., 2008). Views over the period the video had been uploaded to 
YouTube were also used to determine its popularity over time. This was a pragmatic approach that 
relied on data that was freely available on YouTube. In addition, other metrics were also used in 
conjunction with the views as these can also determine elements of popularity (Brodersen et al., 2012; 
Chatzopoulou, Sheng and Faloutsos, 2010; Benevenuto et al., 2009a; Benevenuto et al., 2009b; Cheng 
et al., 2008; Benevenuto et al., 2008). Although it did not include other factors that were known to be 
relevant to video popularity, such as novelty, it enabled a large enough sample to be extracted from 
the YouTube API for a systematic analysis. All data collected, such as, views, dislikes, likes, comments, 
video age, video length, user gender, user age, user level, category and key influencers was also 
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analysed and used to address the aspects of the research questions relating to user behaviours, 
engagement, interaction and the factors that influence people to watch YouTube videos. 
A survey was also conducted to investigate YouTube user behaviour and decision making. 
Questionnaires were used instead of interviews to provide a larger sample.  A mixture of hard copy 
and electronic questionnaires were used to ensure a higher return rate. Despite research suggesting 
poor return rates (Cohen et al., 2017; Wood and Smith, 2016; Mukherji and Albon, 2015; Bell, 2014; 
Punch, 2009; Silverman, 2005; Walliman, 2001), due to the use of a convenience sample, 81% 
(534/660 respondents) of the questionnaires where completed and returned.  The results were 
analysed for differences in category popularity (RQ6) and influencing factors in terms of decisions to 
watch specific types of videos (RQ7) across gender, age and user level. 
The YouTube metadata and survey results were analysed to give an overall picture of what influences 
users to watch YouTube videos (RQ8). 
4.1.1 YouTube Data Sample 
To generate the overall sample of video data the computer program Webometric Analyst was used to 
extract multiple sets of metrics from YouTube’s API. Webometric Analyst is a computer program 
designed to automatically extract information and data from a variety of web-based sources and 
websites such as YouTube, Flickr and Twitter (Thelwall, 2015). YouTube category-specific queries were 
used to generate large samples of videos from different topics so that multiple types of video could 
be investigated. The alternative, a set of keyword queries, would be difficult to construct 
systematically enough to give interpretable results because YouTube does not reveal the frequency of 
queries used by users, although the categories are public and visible to all users. 
Before analysing the data extracted from the YouTube API, it was important to understand the sample 
provided by the searches and any biases in it. As the YouTube API search algorithm is unknown, its 
results were analysed to identify the nature of the videos that it returned from category-specific 
searches (RQ1), driven by the following specific questions. 
 To what extent does the sample provided by the YouTube API differ over time and between 
YouTube categories? 
 What factors and/or metrics, if any, does the YouTube API employ to determine the sample 
that it provides? 
4.1.2 YouTube Categories 
To analyse the sample provided by the API (RQ1), compare video category information (RQ2), video 
popularity (RQ3), and user behaviour and interaction (RQ4 and 5) data needed to be extracted from 
the YouTube website. A new YouTube account was set up on a computer with the history and web 
cache deleted to ensure that any previous watching behaviours, preferences or biases were not able 
to affect the searches being submitted.  
At the time the searches were submitted, YouTube organised its videos into 23 categories and 22 of 
these were used within this research (YouTube, 2015). The Music category was not included within 
this research because it did not return any results from the YouTube API queries for unknown reasons. 
The 22 categories used within this research were: Animation; Automotive; Beauty; Best of; Causes; 
Comedy; Cooking; DIY; Education; Entertainment; Fashion; From TV; Gaming; Health; How-to; 
Lifestyle; News; Non-profit; Politics; Science; Sport; Tech. 
4.1.3 API - YouTube Data Extraction Searches 
To generate an appropriate sample of data, to address research questions RQ1, RQ2, RQ3, RQ4 and 
RQ5, video category searches were submitted using Webometric Analyst through the YouTube API. 
Two series of searches were run for data triangulation and comparison. The first set of category 
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searches was submitted at five-day intervals for 95 days (starting on 29/12/15), providing 20 days of 
data for each category. The second set of category searches ran daily for 30 days (starting on 4/4/16). 
For each category an initial search was run to extract a set of video identification numbers (video IDs). 
This provided approximately 500 video IDs for each of the 22 categories each day (a total of 
approximately 11000 video IDs). A second query was then submitted to extract the metadata for each 
video, such as upload date, views, dislikes, likes, comments, length, for each of the 500 video IDs within 
each category. For example, on the first day, a search for the category Animation was carried out using 
Webometric Analyst within YouTube. Approximately 500 video IDs were obtained. Using those 500 
video IDs, 500 additional searches were carried out (also on the same day) to obtain the metrics for 
each video. This paired searching was repeated every day for each of the 22 categories for the span 
of both sets of searches, five-day interval and daily. This yielded 20 sets of data for each category on 
the five-day searches and 30 sets of data for the daily searches. The raw data was entered into two 
separate MS Excel spreadsheets, one for five-day searches and one for the daily searches. 
4.2 Analysing the YouTube API Sample 
Both sets of generated data, five-day and daily, were processed and analysed separately, and then 
compared to investigate the API sample for RQ1. 
4.2.1 Analysis of Five-day Search Data 
The first issue investigated was the extent to which the same search returned different videos at 
different points in time. To assess the percentage of videos that were repeated across the 20 five-day 
searches the data was processed in two ways. First, across all the categories consecutive searches 
were compared for the percentage of videos that appeared in both. For example, Search 1 was 
compared to Search 2, then Search 2 was compared to Search 3 and so on across all the Daily searches. 
Within this comparison framework, consecutive day searches were identified as a sub-group of 
searches to determine whether there was any change in results over time, as well as attempting to 
identify any whole-period changes in category results. The percentage of videos returned by each 
search that occurred in the next search was coloured coded in a table (higher percentages in darker 
green graded through yellow and orange with the lowest percentages represented in red). Then a 
comparison was made, showing the percentage of videos that appeared in Search 1 compared to 
subsequent searches for all categories. For example, Search 1 was compared to Search 2, then Search 
1 was compared to Search 3 and so on across all the Daily searches. The percentage of videos returned 
in Search 1 that also occurred in each subsequent search was presented in a similar colour-coded 
table.  
To establish the number of times that videos were repeated throughout the search process the 
percentage frequency of video appearance across the 95-day period of 20 Five-day searches was also 
tabulated for all categories. The table showed what percentage of videos for each category appeared 
between 1 and 20 times across all the Five-day searches. For example, the percentage of Animation 
videos that appeared 13 times across the searches. To determine any characteristics in relation to the 
videos that the YouTube API chose in every search these were extracted from the data. The videos 
that appeared within all 20 searches were processed and the mean metrics for these was tabulated. 
This data was then analysed to see whether there were any patterns or key similarities with these 
videos.  
The videos that only appeared once across the searches, i.e. those without any repeats, where also 
isolated and the video data metrics processed and tabulated. This was then analysed and compared 
to the average metrics of those videos that appeared across all searches. The sample of videos 
extracted from the Five-day searches was also processed and analysed in the ‘comments’, ‘likes’, 
‘dislikes’, ‘days’ posted, ‘length’ in seconds and ‘view count’. The data was then tabulated for each 
metric and analysed accordingly for any patterns. 
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4.2.2 Analysis of Daily Search data 
The above was repeated for the daily search data. 
4.3 Method 1 – YouTube Periodic Category Searches 
The periodic YouTube API category search data collected was used to investigate and determine users 
watching behaviours, interactions and which videos were more popular (RQ2, RQ3, RQ4 and RQ5). 
The separate data obtained through both the Five-day and Daily searches was amalgamated into a 
larger dataset and duplicate videos and associated metrics were removed leaving only unique 
YouTube API data for each of the categories. The remaining data was then divided based on YouTube 
video category and was then entered into a separate MS Excel spreadsheet for processing, analysis 
and comparison.  
The total number of videos extracted from YouTube was recorded, with the number of individual 
videos (i.e. with repeated information removed) and the percentage of individual videos for each 
category. This was used to investigate any patterns, similarities or differences between the samples 
that were extracted for each of the categories. With the repeated data removed the findings were 
entered in tables for analysis and to determine any patterns in video popularity and any user 
behaviours (RQ2, RQ3, RQ4 and RQ5): 
 The average number of days the videos within each of the categories had been posted to 
YouTube (providing the age of the videos) 
 The average dislikes and dislikes per day for each of the categories – calculating the dislikes 
per day took into consideration the age of the video that had been posted 
 The average likes and likes per view for each of the categories 
 The average views and views per day for each of the categories 
 The average comments and comments per view for each of the categories 
 The average length of video in minutes – converted from seconds 
As the length of a video was known to have an impact on whether a YouTube user will watch it the 
average views per day for each of the categories was compared to the corresponding length in 
minutes. 
To determine a clearer picture of the data particularly in user interaction and engagement (RQ4) and 
how YouTube metrics relate to popularity (RQ5) the data for each of the categories was then sorted 
into bands for each of the associated metrics. The percentage of videos within each banding was 
calculated and then tabulated for each of the metrics for each category. The bandings for each metric 
were as follows: 
Days – 1 to 30, 31 to 60, 61 to 180, 181 to 360, 361 to 720, 721 to 1800, 1801+ 
This was used to determine any categories that had less turnover in the videos that were posted to 
YouTube. For example, if a category had a higher percentage of videos that had only been uploaded 
to YouTube for a shorter period then this suggested that more videos were regularly added. In 
contrast, categories with a higher percentage of older videos (in the time they had been uploaded to 
YouTube) may have had fewer videos posted regularly. 
Dislikes – 0, 1 to 10, 11 to 100, 101 to 250, 251 to 500, 501 to 1000, 1001 to 2000, 2001+ 
Likes - 0, 1 to 10, 11 to 100, 101 to 250, 251 to 500, 501 to 1000, 1001 to 2000, 2001+ 
Comments - 0, 1 to 10, 11 to 100, 101 to 250, 251 to 500, 501 to 1000, 1001 to 2000, 2001+  
The percentage of dislikes, likes and comments across the bands was analysed to determine YouTube 
user’s interaction with, and feelings towards, the videos within each of the categories. Higher 
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percentages within the upper bands suggested that people had a greater opinion or emotional 
connection, which may have been positive or negative, to the videos within a category. The dislike and 
like percentages could also reflect opinions about the accuracy or usefulness of the video(s) in the 
cases where advice, support or instructions were provided.  
View count – 0, 1 to 10, 11 to 100, 101 to 1000, 1001 to 10000, 10001 to 100000, 100001 to 
1000000, 1000001+ 
Analysing the banding of views helped to show the percentage of videos within each category and 
show those that had a substantially higher or lower number of views. Those categories with a higher 
percentage of videos within the higher viewing bands were used as another indicator of video category 
popularity. For example, if a category had 50% of its videos within the 1000001+ banding it suggests 
that a substantial number of people were watching that type of video.  
Length – 0, 1 to 30, 31 to 60, 61 to 300, 301 to 600, 601 to 1800, 1801 to 3600, 3601+ 
Investigating the different bandings of video length showed which were the most common and would 
have helped to establish if there was a pattern or patterns in longer or shorter videos. The length of 
videos may have been determined by the content relating to the different videos. This information 
was used in conjunction with the view count of videos to determine if there is a type of video which 
was watched most often and would show any preferences that people had in this metric. 
4.3.1 Factors associating with popularity for the periodic searches 
The amalgamated data (with repeats removed), from the Five-day and Daily searches, was then used 
to seek correlations between the metadata (likes, dislikes, comments and length) and the view counts 
(RQ5). Correlations were calculated separately for each of the YouTube video categories in case the 
results differed between categories.  
Correlations between view counts and the other metrics (except length) would be misleading because 
older videos tend to have more views, likes, dislikes and comments. Thus, even if popularity and likes 
did not influence each other, the two would have a positive correlation. This factor could be eliminated 
in theory by dividing each metric (except length) by age to give per day metrics. This would also be 
misleading, however, because videos in some categories (e.g., music, news) can expect to get most of 
their views over the first few weeks on the site. To partially get round both problems, the videos in 
each category were split into bands of at least 50 videos by age, so that videos were only correlated 
in sets of similar ages. This reduces but does not eliminate age as a spurious factor because some 
bands still contain videos with a variety of ages. Spearman correlations were calculated between view 
counts and each metric within each bands, and then the correlations were averaged across the bands. 
The Spearman correlation compares the ranks of two variables and determines the extent to which 
they are in the same rank order (Coolican, 2014). Based on the sample sizes within each banding, 
predefined critical values were used to determine statistical significance. For a 5% significance +/- 
0.279 was used and for a 1% significance +/- 0.363 was used based on a sample size of 50 (Ramsay, 
1989). This is an approximate value because each correlation is the average across multiple bands, 
which increases its statistical power, but individual bands include videos with a (narrow) range of ages, 
contributing a spurious positive tendency to the correlations.  
A second Spearman correlation was used to compare the rate of attracting likes, dislikes and 
comments (i.e., per view) against the number of views to see if more popular videos attracted a higher 
rate of interaction (if so, high interaction could then be a partial cause of their popularity). Although 
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it would be possible to correlate, for example, likes per view against views to see if the two relate, this 
could give misleading answers for two reasons. 
First, the high proportion of videos with few views combined with the low proportion of likes per video 
overall would introduce too many zero likes per view ratios, skewing the overall correlation. This is an 
artefact of discrete data. For example, if a set of videos expect 1 like per 20 views then a set of 20 
videos with one view each could be expected to have 19 likes per view ratios of 0 and one of 1, giving 
strange results. To overcome this limitation, a threshold minimum of 500 views was set to filter out 
videos with too few views to generate reliable likes per view ratios. 
Second, some videos had unusually many or few likes per video. Few likes might occur because the 
owner had banned likes for a period. Many likes might occur due to spam, video owner 
encouragement, or false promises of random rewards for likes. To circumvent this, the middle 50% of 
videos were analysed, after ordering them by like, dislike or comment ratio. 
Spearman correlations were used again for the same reason, with 95% confidence intervals (see 
below) given to show the variability of these point estimates of the underlying population correlation 
(Cumming and Calin-Jageman, 2016; Cumming and Finch, 2005). 
4.4 Method 2 - Collecting User Data – Questionnaires 
This section discuss the justification for using questionnaires to collect data from respondents and the 
process for developing the questionnaire for distribution. This data was used to address RQ6 and RQ7, 
and was compared to the data extracted from YouTube to address RQ8. 
4.4.1 Rationale for the use of Questionnaires 
Three strategies were considered in how the data could be collected from respondents (to address 
RQ6 and RQ7) and these were: 
 Individual interviews 
 Group interviews 
 Questionnaires 
Individual interviews could have provided a greater level of control over the questions, there would 
have been the opportunity to elaborate on questions and points, and any misunderstandings or 
difficulties with the questions could have been dealt with throughout the process (Arthur et al., 2017; 
Cohen et al., 2017; Wood and Smith, 2016; Wellington, 2015; Bell, 2014; Creswell, 2014; Kumar, 2014; 
Punch and Oancea, 2014). It would have also enabled the researcher to ensure that there was a 
greater level of accuracy in the responses provided, they could have picked up on body language and 
non-verbal ques, and could have built up more of a professional rapport with the interviewee (Arthur 
et al., 2017; Cohen et al., 2017; Wood and Smith, 2016; Wellington, 2015; Bell, 2014). Other 
advantages could have been that the researcher could have chosen respondents who are more 
suitable for the study and there would have been greater opportunity for discussion and the 
development of ideas (Cohen et al., 2017; Wood and Smith, 2016; Wellington, 2015; Kumar, 2014; 
Punch and Oancea, 2014; Clark-Carter, 2010). Nevertheless, interviews would be time consuming to 
conduct and record systematically (Arthur et al., 2017; Cohen et al., 2017; Wood and Smith, 2016). 
Other key considerations were that interviews would have provided a much smaller and limited 
sample size, it would have been difficult to find representative respondents and there was also the 
possibility of process being influenced by interviewer bias (Arthur et al., 2017; Cohen et al., 2017; 
Wood and Smith, 2016; Wellington, 2015; Bell, 2014). 
Adopting a group interview approach would have had the additional benefits of providing respondents 
with a more relaxed environment to open up in and would have given them the opportunity to share 
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ideas and be stimulated by others’ ideas and thoughts (Arthur et al., 2017; Cohen et al., 2017; Wood 
and Smith, 2016; Wellington, 2015; Bell, 2014). This type of interview situation could have been 
dominated by one or two interviewees and reducing others contributions, and could have had the 
potential for discussions to move away from the core topic or topics (Wood and Smith, 2016; 
Wellington, 2015; Creswell, 2014; Punch and Oancea, 2014; Clark-Carter, 2010). In addition, people 
could have felt under pressure to conform to the norms of the group rather than expressing their own 
personal opinions and the data would have been difficult to analyse and quantify due to the group 
nature of the information provided (Arthur et al., 2017; Cohen et al., 2017; Wood and Smith, 2016; 
Wellington, 2015; Bell, 2014). 
Overall, even though individual and group interviews could provide accurate information, the 
opportunity to expand on answers and responses further, and choose YouTube users that the process 
would be too time consuming and would not have provided a large enough sample size, neither of 
these strategies were used within this research (Arthur et al., 2017; Cohen et al., 2017; Wood and 
Smith, 2016; Wellington, 2015; Bell, 2014; Creswell, 2014; Kumar, 2014; Punch and Oancea, 2014). 
Questionnaires were therefore used to collect data from a sample of respondents relating to their use 
of YouTube, how they access videos and their watching habits, decisions and preferences. Using a 
questionnaire provided the opportunity to gather a wider range of responses from a much larger 
group of respondents in a standardised and objective manner (Arthur et al., 2017; Cohen et al., 2017; 
Wood and Smith, 2016; Mukherji and Albon, 2015; Bell, 2014). The questionnaire made the process 
of collecting data relatively quick and in a short period of time, particularly using an online version, 
however, the development of the questionnaire did take some time to develop and refine (see below) 
(Arthur et al., 2017; Cohen et al., 2017; Wood and Smith, 2016; Wellington, 2015; Bell, 2014). Although 
research had established that the return rate on questionnaires could potentially be low, due to using 
a convenience sample this was not an issue with a return rate of 81% (Cohen et al., 2017; Wood and 
Smith, 2016; Mukherji and Albon, 2015; Bell, 2014). The use of a questionnaire provided a means to 
collect mostly quantitative data which was relatively easy to tabulate and process (Cohen et al., 2017; 
Wood and Smith, 2016). It was much easier to maintain respondents’ anonymity using questionnaires, 
it provided them with the opportunity to complete it at their own leisure and to respond more 
truthfully (Wellington, 2015; Bell, 2014; Kumar, 2014). 
As the questions within the questionnaire were standardised and it was not possible to explain any 
difficulties, misunderstandings or different interpretations from respondents it was important to pilot 
the questionnaire with various focus groups (see below) (Arthur et al., 2017; Cohen et al., 2017; Wood 
and Smith, 2016; Wellington, 2015; Bell, 2014). The use of open-ended questions was kept to a 
minimum to reduce the generation of large amounts of data that would need a substantial amount of 
time to process also respondents were provided were provided with limited space to keep their 
responses concise and focused (Wood and Smith, 2016; Mukherji and Albon, 2015; Wellington, 2015; 
Bell, 2014; Creswell, 2014; Kumar, 2014; Punch and Oancea, 2014). There was an awareness that 
respondents might answer more superficially if the questionnaire took too long to complete therefore 
the number of questions were kept to a minimum (Bell, 2014; Punch and Oancea, 2014). Although it 
was difficult to determine how truthful and how much thought respondents were putting into the 
questions, this is unlikely to be a problem due to the non-sensitive nature of the subject matter (Arthur 
et al., 2017; Cohen et al., 2017; Mukherji and Albon, 2015; Bell, 2014). 
When handing out the questionnaires there could have been a danger of respondents telling the 
researcher what they think they wanted to know (Cohen et al., 2017; Mukherji and Albon, 2015), 
however, this was addressed through reinforcement with respondents, when writing questions and 
removing any bias within the questions. Although it could have been difficult using a questionnaire to 
find out the respondents’ thoughts in depth (Mukherji and Albon, 2015; Simmons, 2008) this was not 
relevant to this study so was not an issue. One of the most important issues for social science 
questionnaires is that low response rates mean that the respondents may be unrepresentative of the 
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sample. In particular, they may have particularly strong feelings on the topic or may have more spare 
time than others. To address the non-response issue (Cohen et al., 2017; Wood and Smith, 2016; 
Wellington, 2015; Bell, 2014; Creswell, 2014; Bryman, 2004), therefore a sampling strategy was chosen 
to ensure a high response rate, as described below, although at the expense of the representativeness 
of the sample. 
4.4.2 Development of the Questionnaire 
In general terms there were factors that needed careful consideration when developing the 
questionnaire for this research and to be able to address the relevant research questions (RQ6, RQ7 
and RQ8). It was important to ensure that the questionnaire was focused on the information required 
(RQ6, RQ7 and RQ8), was concise, that the layout was clearly structured and overall it was well 
presented with a professional finish (Cohen et al., 2017; Wood and Smith, 2016; Robertson et al., 
1990). Although different types of questions were considered in generating an appropriate sample 
relating to YouTube use, the use of mainly closed questions would be more effective at eliciting direct 
responses from respondents and this supports the analysis and comparison of the data (Mukherji and 
Albon, 2015; Blaxter et al., 2010). When writing the questions, it was ensured that they were unbiased 
and produced in a precise way in order not to confuse the respondents (Mukherji and Albon, 2015; 
Blaxter et al., 2010; Simmons, 2008; Silverman, 2005). There was an emphasis placed on keeping the 
questions as short, clear, focused and direct as possible (Arthur et al., 2017; Denscombe, 2010; 
Edwards et al., 2002). In addition, the questions were written and presented in a manner that would 
be accessible to respondents and provided them with the ability to respond as easily as possible 
(Arthur et al., 2017; Wellington, 2015; Bell, 2014). The questions were designed to effectively record 
respondents’ behaviours, decisions, preferences and influences relating to YouTube video selection 
and use (Bryman, 2004; Field and Hole, 2003), so that they matched the to the research questions and 
overall aims of the study (Mukherji and Albon, 2015; Kumar, 2014). It was important to ensure that 
the questions were ordered logically (Bell, 2014; Simmons, 2008) and that the questionnaire was 
designed to ensure that accurate replication of the research could be carried out in the future 
(Bryman, 2004). As part of the development process piloting opportunities were taken with a variety 
of focus groups to make further developments, modifications and refinements to the questionnaire 
(Mukherji and Albon, 2015; Anderson, 1998). Once developed the questionnaire was produced and 
distributed in both paper (handed out) (Kumar, 2014; Walliman, 2001) and electronic (Mukherji and 
Albon, 2015) formats to increase response rates (Cohen et al., 2017; Wellington, 2015; Bell, 2014). 
To pilot, test and develop the questionnaire with various focus groups an initial version needed to be 
produced (Cohen et al., 2017; Wellington, 2015; Bell, 2014). When constructing the initial 
questionnaire, the first question focused on asking respondents to show which age range they fell 
into, but not requiring them to share their age or date of birth. The information was important for the 
study as research has established the significance of age in online and YouTube use (Gaunt, 2015; 
Perrin, 2015; Smith, 2014; Duggan and Brener, 2013; Griffiths et al., 2004). The ages ranges used within 
the questionnaire were those used by OxIS (Blank et al., 2019; William et al., 2013) in their surveys of 
technology and online use. As with age, gender had also been confirmed as an important aspect of 
online and YouTube use and collecting information relating this was deemed to be necessary for this 
research (Oh and Syn, 2015; Duggan and Brener, 2013; Chappell, 2012; Rainie et al., 2012; Mayoral et 
al., 2010; Madden, 2009; Molyneaux et al., 2008). As the OxIS surveys (Blank et al., 2019; William et 
al., 2013) also use and discuss education levels, this could be useful information to collect and 
therefore was included within the questionnaire. It was also important to know if respondents were 
a YouTube user and how often they watch videos on the website (RQ6 and RQ7). In determining 
respondents searching behaviours they were asked question relating to how they found and accessed 
YouTube videos in general and through the website itself. It was also necessary to find out what factors 
influence respondents’ decisions to watch videos and which of these were the most important and 
why (RQ7). Finally, respondents were provided with an open-ended question to give them the 
opportunity to make any further comments or statements about their use of YouTube. As a result 
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Questionnaire Version 1 (see Appendix 3) was produced and then piloted with the first focus group of 
7 previous work colleagues who provided oral feedback relating to their experience of answering the 
questions presented to them.  
The first pilot group felt that the questionnaire followed a considered structure, the language used 
was straightforward, it was not too long and was quick to complete. They needed greater clarity in 
what they were expected to fill in and where, and that some simple instructions and shaded boxes 
would support this. Some of the questions needed to be reworded as it was not clear what was being 
asked for. They thought that Question 10 should just be an open-ended question rather than repeating 
all the options from Question 9. Finally, two members of the piloting group felt that Pinterest needed 
to be removed as videos are rarely accessed through this website and that the overall presentation 
could be refined as it did not look finished. 
Because of evaluating Questionnaire Version 1 and from the comments and feedback from the focus 
group developments and improvements were made to the initial questionnaire to produce a revised 
version. Questionnaire Version 2 (see Appendix 4) was produced by adding shading to the response 
boxes to make it clearer for respondents in where they needed to put their answers and responses. 
Further instructions were added to the end of questions to provide greater clarity in what was being 
asked, how they needed to respond and where. The lay out and structure of the questions was 
developed so that the whole questionnaire could fit onto one side of A4 paper. Pinterest was removed 
as an option from Question 7 (How do you usually access YouTube videos?) and an additional metric 
was added to Question 9 which has been missed off the first version of the questionnaire. Finally 
Question 10 was changed so that respondents could just simply choose which they thought was the 
most important factor in influencing their decision to watch a video rather than selecting from the 
repeated list of options from Question 9. 
Questionnaire Version 2 (see Appendix 4) was then sent to my supervisor for suggestions, aspects to 
develop, and elements to change, remove or add. It was established that the ethical blurb would need 
to be added to questionnaire and this produced on an additional page (see Appendix 2) so that 
respondents could retain this information. In the question relating to gender it was suggested that 
Other and Prefer not to say needed to be added as options within this section. There was a 
recommendation that the question ‘Do you watch YouTube videos?’ (Question 5) be removed as this 
would be answered more effectively by Question 6 with the introduction of the options Less than once 
per year and Never and therefore the numbering of questions needed to be updated.   
It was also recommended that the categories within Question 6 (On average how often do you watch 
YouTube videos?) needed to be more precise and less vague. The options of Daily, Weekly, Monthly 
and Annually were changed to the following (respectively): 
 On most days I have watched at least one YouTube video; 
 During most weeks I have watched at least one YouTube video; 
 During most months I have watched at least one YouTube video; 
 During the past year I have watched at least one YouTube video; 
 I never watch YouTube videos. 
In Question 7 (How do you usually access YouTube videos?) it was suggested that the phrase ‘Select 
the ones you use regularly’ be removed and replaced with ‘In the last year’ as regularly is not specific 
enough. As with Question 6 there was a recommendation that the options being provided to 
respondents needed to be more precise and that this would give the question greater clarity. 
Therefore YouTube, Email, Blogs, Facebook and Twitter were changed to the following (respectively): 
 Through accessing the YouTube website; 
 From a hyperlink sent to you in an email; 
 From a hyperlink in a Blog; 
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 From a hyperlink or post on Facebook; 
 From a hyperlink or Tweet on Twitter. 
In addition, from advice a further option of ‘From verbal recommendation’ was added as an option. It 
was further suggested that the options being provided within Question 8 (How do you find videos on 
the YouTube website?) also needed to be more specific and contain more information to make it 
clearer what was being asked of respondents. Therefore Homepage, Most viewed page, Most popular 
page, YouTube recommendations and Search were changed to the following (respectively): 
 Videos posted on the homepage; 
 Videos posted on the most viewed page; 
 Videos posted on the most popular page; 
 Videos posted on the recommendations bar; 
 Through the YouTube search facility. 
In addition, it was also suggested that the option of ‘Videos posted on your subscriptions page’ needed 
to be added to Question 8. 
From the supervisor feedback it was also established that Question 9 (Which of the following factors 
are important in deciding whether you watch a YouTube video?) was too vague given that some 
respondents might have watched videos for lots of different reasons. After further discussion the 
question was changed to ‘How important do you feel the following are when deciding whether to view 
a YouTube video?’ and the further option of Thumbnail picture was also added. In addition, a grading 
system was introduced for each of options so that respondents could rate their importance in 
influencing their decision to watch a video. The grading system was made up of the following choices: 
Irrelevant, Not very important, Slightly important and Very important. 
It was decided that the open-ended question, Question 10 (Which of the factors you have chosen in 
question 9 is the most important? And why?), needed to be removed. This was replaced with a 
question which asked respondents to consider the last 10 videos they had watched and to rate each 
of the factors in how they might have influenced their decision to watch. Another grading system was 
introduced using the following options: Never, Rarely, Sometimes, Mostly and Always. 
Through discussions, feedback and evaluating previous versions of the questionnaire an additional 
question, which should have been in the first version of the questionnaire, was added. This new 
question provided respondents with the opportunity to show what types of YouTube videos they like 
to watch using the general YouTube categories used within the metadata extraction from the YouTube 
API and supported the addressing of RQ6.  As a result, Questionnaire Version 3 (see Appendix 5) was 
produced based on all these developments with a restructuring of the question numbers being 
required. Questionnaire Version 3 was then piloted with 10 colleagues for further feedback, 
suggestions and developments. 
From the comments provided by this second focus group the title of the questionnaire was changed 
from ‘How and why we watch YouTube videos’ to ‘How and why you watch YouTube Videos’ to make 
it more specific to the respondents. The introduction phrase was shortened and made more focused, 
Standard qualification was changed for School qualifications and other aspects of wording were 
tightened up to ensure clarity of what was been asked of the respondents. It was also suggested to 
make some of the key words and phrases bold and underlined to emphasise them with respondents. 
Because of feedback and through discussion it was decided that Questions 8 and 9 were essentially 
asking respondents for the same information with just the wording being slightly different. These 
questions were replaced with a question asking them to consider the most recent videos and what 
out of the list of options had influenced them in their decision to watch. They were provided with a 
grading scale of Never, Rarely, Sometimes, Mostly and Always. An additional question was introduced 
which required respondents to select what factors might influence them to not watch a video. 
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All changes and developments were made and a new version, Questionnaire Version 4 (see Appendix 
6), was produced and piloted with a new focus group of 8 colleagues. From their comments and 
feedback, the questionnaire was clear, well structured, easy and straight forward to complete, not too 
long and quick to complete. A colleague suggested that Question 9 (Which of the following would you 
consider when deciding NOT to watch a video on YouTube?) was unnecessary and rather confusing, 
and that the information was essentially covered in Question 8. Again, all these issues were addressed 
and as a result Questionnaire Version 5 (see Appendix 7) was developed. 
After reviewing Questionnaire Version 5, the order of the questions was changed. The question 
relating to the type of video respondents watched was moved before the one asking what factors 
influence their decision to watch.  
Questionnaire Version 6 (see Appendix 8) was then piloted with a group of 20 computer science 
undergraduate students who were asked for suggestions and criticisms about the questionnaire. They 
liked the questionnaire, were happy with the wording, structure and thought that all aspects were 
clear. Nevertheless, they made two suggestions relating to Question 6 (How have you accessed 
YouTube videos in the past year?) and these were to add ‘Through the YouTube App (phone or tablet)’ 
and ‘From a Google search’. From these recommendations the final version of the questionnaire was 
produced (see Appendix 9). 
Ethical approval was then sought and given for the distribution of the final questionnaire because of 
following and successfully completing the University of Wolverhampton (2018) ethical approval 
process (see Appendix 1 and Ethical Considerations Chapter). 
The final questionnaire was produced in two formats, paper (hard copy) and electronic, through 
Google Forms, to ensure the highest return rate could be achieved. This was then distributed to people 
over 18 years of age and were my current students (handed out), my past students (electronically 
thorough social media) and through my educational and professional networks from working within 
two primary schools, five universities, further study and from working with a wide range of midland-
based schools through teacher training courses (electronically). No children or vulnerable people were 
used within the research.  All respondents were provided with: 
 An information sheet explaining the research, its purpose and uses of the research data - 
enough information to be able to make an informed decision whether to participate within 
the research – this was written in simple, non-technical terms (avoiding jargon and 
abbreviations) and could be easily understood by a lay person (see Appendix 2). 
 Reassurances that their data would remain protected, secure and anonymous (no names or 
personal identifying information would be collected). 
 A consent form to show that they were willing to be involved in the research and their right 
to withdraw at any time - questionnaires were numbered for this purpose (see Appendix 2), 
 Information explaining the date by which the responses needed to be completed by and 
where they needed to return them to in the case of the paper copies. 
 Reassurance that the researcher did not feel that because of being involved within the 
research that they would come to any harm and that there was no possibility of physical or 
psychological distress. 
The information collected from the questionnaires was entered into MS Excel spreadsheets to 
facilitate organisation, processing, sorting and analysis of the data (see below – Questionnaire 
Analysis).  
4.4.3 Questionnaire Sampling 
Sampling was a major consideration for this research as it is not possible to study every individual 
within a population, in this case all YouTube users (Mukherji and Albon, 2015; Wellington, 2015; Bell, 
2014; Silverman, 2005). The sample needed to directly reflect the area being researched, be 
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accessible, contain an adequate number of respondents to answer the research questions and provide 
appropriate data readily and quickly (Cohen et al., 2017; Wood and Smith, 2016; Merriam, 2009; 
Sliverman, 2005). The precision of the statistics drawn from the sample depends on the size of the 
sample and as a result reducing the sampling error (Cohen et al., 2017; Kumar, 2014; Bryman, 2004). 
OxIS (Blank et al., 2019) suggests that within the UK internet use ranges between 95% and 100% across 
the age ranges 18 to 54 (25 to 34 being the highest with 100% and 35 to 44 being slighter lower with 
95%), with 80% being aged 55+. Moreover, 95% of students and 95% of those educated to Higher 
Education level are internet users (Blank et al., 2019).  
The sample for this research was therefore made up of my current students (95% internet users), and 
my past higher education students (95% internet users), and other internet users that I have access to 
through various education and professional networks. This was a convenience sample that was a 
biased subset of YouTube users for many reasons. Firstly, they were all from the UK. Second, they had 
(nearly) all accessed higher education. Third, most had taken education-related higher teaching 
degrees. Fourth, they had mostly lived in the UK Midlands area. Nevertheless, based on the findings 
of the OxIS surveys (Blank et al., 2019; William et al., 2013) the sample were likely to be almost 
exclusively internet users. The primary advantage of using this convenience sample was that it 
generated a much higher response rate than usually possible with questionnaires (Arthur et al., 2017; 
Cohen et al., 2017; Bell, 2014; Creswell, 2014; Blaxter et al., 2010; Bryman, 2004), especially those that 
were internet-related. Thus, the sample bias was partly compensated for by a greatly reduced non-
response bias.  
The sample skewing towards people working within UK education, specifically teacher education, also 
needed to be taken into consideration when analysing the findings (Arthur et al., 2017; Cohen et al., 
2017). This was a known bias, whereas all alternatives were likely to generate a much lower response 
rate and would have had a significant unknown non-response bias (Arthur et al., 2017; Cohen et al., 
2017). Thus, the survey generated reliable information about a demographic of YouTube user but 
caution was exercised when generalising the findings to all YouTube users. 
4.4.4 Questionnaire Analysis 
The data from the questionnaires was entered into an Excel spreadsheet and then from this further 
spreadsheets were produced related to specific elements of the data collected (e.g. by gender, age, 
user level, questions).  All raw data was converted into percentages, based upon the number of 
respondents within the sample obtained, and then compared across genders, ages and users for each 
of the questions.  For each set of percentages relating to a specific aspect of the data confidence 
intervals of 95% were calculated (see below) in order to determine statistically significant differences 
in the data. From a frequentist statistical perspective a 95% confidence interval for a percentage 
reflects the belief that if the data was collected repeatedly, then the true percentage would lie within 
the 95% confidence interval 95% of the time. 
For each of the questions answers the percentage of female responses were compared to those from 
males within the sample, taking into consideration the level of variation, as represented by the 95% 
confidence intervals.  Then the percentages (and corresponding 95% confidence intervals) for each of 
the different age groups for females were compared to determine any key similarities and statistically 
significant differences in the findings.  This process was repeated for male ages, female user levels 
(see Appendix 12) and male user levels (see Appendix 12). 
Table 4.1 was used to organise which survey questions addressed the research questions RQ6 and 
RQ7 to further support the analysis of the questionnaire data.  
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Table 4.1. The survey questions which address research questions RQ6 and RQ7 
Research question Survey questions 
RQ6: What are the main gender 
and age differences in the types of 
YouTube video that are the most 
popular? 
1) What is your age? 
2) How would you define your gender? 
5) On average how often have you watched YouTube videos 
in the past year? 
8) Which type(s) of video have you watched in YouTube 
during the past year? 
RQ7: Which factors influence the 
decision to watch a YouTube video 
for different genders and ages? 
1) What is your age? 
2) How would you define your gender? 
6) How have you accessed YouTube videos in the past year? 
7) Which of the following methods have you used, if any, to 
find videos through the YouTube website in the past year? 
9) Considering only the most recent videos that you have 
watched on YouTube, how often have the following 
influenced your decision to watch? 
10) Are there any further comments you would like to make 
about how you find YouTube videos? 
The following survey questions were used to provide further data relating to participant 
demographics: 
3) Which of the following formal qualifications have you completed? 
4) If applicable, what was the major subject of your undergraduate degree? 
 
4.4.5 Confidence Intervals 
Due to adopting a sampling approach there would be variability in the data collected from the 
questionnaires and it would not perfectly reflect the total population (UK users). Therefore confidence 
intervals were calculated to show the estimated variations and range of plausible values within the 
findings, assess the precision and accuracy of the data, and reflect a closer estimate of the true 
population (Cumming and Calin-Jageman, 2016; Cumming and Finch, 2005).  Within this research a 
confidence interval of 95% was calculated and presented within each of the graphs (Cumming and 
Calin-Jageman, 2016; Cumming and Finch, 2005). As above, a 95% confidence interval for a percentage 
reflects the belief that if the data was collected repeatedly, then the true percentage would lie within 
the 95% confidence interval 95% of the time. 
The larger the sample size (in this research females) then the narrower the confidence intervals (i.e. 
less variation) will be and thus give a smaller margin of error in the results and a narrower confidence 
interval. A smaller sample size (in this research males) will produce wider confidence intervals (i.e. 
greater variation) and a larger margin of error. 
Through comparing the findings (percentages) 95% confidence intervals were used to determine 
statistically significant differences in the data collected from the questionnaires.  If the 95% confidence 
intervals overlap, when comparing the percentages, then it was concluded that there was no 
statistically significant difference between those specific findings (Cumming and Calin-Jageman, 2016; 
Cumming and Finch, 2005).  However, if there was no overlap, of the 95% confidence intervals (i.e. no 
variation in the percentages), then the difference was determined to be statistically significant 
(Cumming and Calin-Jageman, 2016; Cumming and Finch, 2005). When there is a small overlap 
between confidence intervals, the difference may be statistically significant but this possibility was 
ignored in the results for simplicity of analysis and because the reporting of multiple simultaneous 
tests increases the chance of at least one false positive occurring.    
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4.5 Comparison of YouTube and Questionnaire Findings 
To address RQ8 the key findings from the YouTube data and questionnaire data were considered 
together. Where possible and appropriate the sample of data extracted from YouTube was compared 
to the findings of the questionnaire. Focusing specifically at the factors associated with video 
popularity and those that influence YouTube user’s decisions to watch a video.  It was important to 
consider the two scopes of popularity covered by the two samples of data collected.  The YouTube 
metadata focused upon the average popularity of videos (determined by the average views of 
individual videos) and the questionnaire data relates to the popularity of categories of video. However, 
there is a key overlap within this data in that a category would become more popular if there are 
popular individual videos of that type.  Where results could not be compared they were discussed in 
relation to previous research. 
In terms of video category popularity, a scatterplot was produced where respondents watching 
preferences (in terms of category) were compared against the average number of views per video 
from the YouTube metadata to see if there were any patterns, trends or discrepancies. In addition, 
the percentage of respondents watching videos from a category against average daily views per video 
from the YouTube averages was also plotted, again to see if there were any patterns or discrepancies. 
Any preferences relating to video length and age from the questionnaires was compared with the 
findings of the average video length from the YouTube metadata.  The findings relating to the impact 
of view counts could not be compared as it would be impossible to determine the impact of views 
counts on view counts from the YouTube metadata as this would be tautological.  The correlations 
focusing upon relationships between various metrics and total view count, and other YouTube 
metadata relating to possible influencing factors (e.g. likes, dislikes and comments) were also 
compared to the findings and influences presented within the questionnaires. 
4.6 Ethical Considerations 
Understanding the potential ethical impact or implications were of paramount importance in this and 
any other (Cohen et al., 2017; Arthur et al., 2017; Wellington, 2015; Bell, 2014; Kumar, 2014). Within 
this research the method used for generating a data sample was separated into two parts, Method 1 
(YouTube Data – RQ1, RQ2, RQ3, RQ4 and RQ5) and Method 2 (Questionnaire – RQ6 and RQ7), and as 
a result the ethical considerations for each part were considered individually due to the different 
approaches that were adopted. As RQ8 will be addressed by using, comparing, analysing and 
discussing the data and findings from Methods 1 and 2 the ethical considerations will have already 
been adopted. 
4.6.1 Method 1 - Extracting Data from YouTube 
For Method 1 the accepted areas of ethical risk were matched with the requirements of the University 
of Wolverhampton (University of Wolverhampton, 2018). All data collected and used within this part 
of the research was obtained from the public domain in the web. Consent for the information to be 
used had already been granted by the data being available to the public. No personal data or 
information relating to someone, group or organisation was collected or used within this part of the 
research. There were no animal or human respondents being used within this part of the research and 
therefore there was no contact between them and the researcher. Similarly, there was no need for 
the use of deception regarding the aims, focus or research questions of the study in relation to social 
desirability effects. No resources or materials from webpages or websites (e.g. photographs, videos, 
documents, software, etc.) was used within this part of the research and therefore permission was 
not needed from any respondents, groups, organisations or web masters. 
Based on the above, Method 1 within this research project fell into University of Wolverhampton 
‘Category 0’ as this part of the research was non-hazardous, did not employ respondents, used only 
existing material that is publicly and legally available in the UK and overseas and did not meet the 
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criteria for either University of Wolverhampton Category A or B (University of Wolverhampton, 2018). 
This part of the research was therefore deemed to have had minimal ethical impact in gaining consent 
or using deception and did not therefore require formal ethical approval (University of 
Wolverhampton, 2018). 
4.6.2 Method 2 - Questionnaires 
For Method 2 the accepted areas of ethical risk were again matched with the requirements of the 
University of Wolverhampton (University of Wolverhampton, 2018). The questionnaire was only 
distributed to respondents over the age of 18, and in addition no children or vulnerable people were 
used within the research. No interviews, observations, tests (or testing), tasks or activities involving 
animals, people, pairs, groups or those at high risk were undertaken. All questionnaires were 
anonymous and any respondent who provided information or data for the research were provided 
with information about the purpose and uses of the research data. The respondents were also 
provided with enough information, in line with the University of Wolverhampton requirements, to be 
able to make an informed decision whether to participate within the research (University of 
Wolverhampton, 2018). The questions asked within the questionnaire were appropriate and were 
produced to add to what is already known about popularity, interaction and user behaviour within 
YouTube. The design of the questionnaire was appropriate in the research questions being asked and 
all potential bias was considered and addressed. No alterations were made to the questions or design 
of the questionnaire after approval was provided by the University of Wolverhampton. There were no 
foreseen risks in people participating within the study and respondents were informed about their 
right to withdraw from the study. No respondents were discussed within the research. 
Due to the anonymity, the study questionnaires were individually numbered for withdrawal purposes 
and respondents were informed that they needed to make a note of their questionnaire number for 
this reason. It was explained to respondents that the researcher did not feel that because of being 
involved within the study that they would come to any harm and that there was no possibility of 
physical or psychological distress. All respondents were provided with a user-friendly information and 
consent form which contained all the relevant information about the study and what their 
involvement would entail. The information sheet was written in simple, non-technical terms (avoiding 
jargon and abbreviations) and was easy to understand by a lay person (see Appendix 2). There was no 
need for the use of deception regarding the aims or focus of the research in relation to social 
desirability effects. All data collected in relation to the research project was always secured, within a 
locked filing cabinet, on a password protected computer or password encrypted data stick, to ensure 
confidentiality.  Any resource implications were carefully considered and as a result there were no 
financial implications from the research. There were also no potential or actual conflicts of interest. 
Based on the above, Method 2 within this part of the research project fell into the University of 
Wolverhampton ‘Category A’ as this part of the project involved the participation of people, rather 
than secondary data source, but was not deemed hazardous to the physical or psychological welfare 
of the participant or the investigator. Ethical approval was sought and granted by the University of 
Wolverhampton (see Appendix 1). 
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5 YouTube API Category Search Result Changes Over Time 
This chapter addresses RQ1, investigating the nature of the videos returned by the YouTube API 
category search from the perspective of identifying potential biasing factors compared to a random 
sample. Since YouTube’s survival depends in part on delivering videos that interest its users, the 
default perspective for analysing the results is that they are intended by YouTube to reflect user 
interests. These interests are localised by YouTube to those of the UK to some extent as this is where 
the searches were undertaken (Broderson et al., 2012). 
5.1 Video Repetitions in Daily Category Searches 
Comparison between consecutive search results: In all categories there is a substantial overlap 
between the videos returned by YouTube API category searches on consecutive days for the same 
category (Table 5.1). The percentage of repeats between concurrent searches across most of the 
categories remains relatively consistent with the 60% - 70% repeats each time (Table 5.1). The slight 
increase in the percentage of repeats between searches 20 to 23 could be due to a media event that 
changed uploading or viewing behaviours or it may be a technical issue at YouTube, such as a software 
update. Other temporary cross-category changes are suggested by mainly red vertical stripes at 8-9 
and 29-30, and partial green vertical stripes at 18-19 and 27-29. Thus, there seem to be regular 
alterations in the extent of daily repetition for YouTube categories. 
Repeats in the Entertainment and Education categories are slightly less common than in the others 
(partial horizontal red stripes in Table 5.1). For Entertainment, this may reflect a high volume of 
uploads or changing tastes whereas Education would contain content with longer term value, for 
example a demonstration of calculating using long division which would not need to be regularly 
updated, although there may be many uploads in the category. The Causes, How-to and Non-profit 
categories have a higher level of repeats between searches – these may have videos that maintain 
longer-term interest, a smaller pool of videos for the API to select from, or fewer new videos. The 
greater fluctuation in the From TV category (some high values, some low values) indicates periods of 
high and low stability, which might reflect traditional TV show interests or periodic batch uploading of 
TV content from producers or pirates.  
Table 5.1. Daily Searches - The percentage of videos returned by each search that also occurred in the next 
search. High values are green, mid-range values are yellow and low values are red.  
Search 1-2 2-3 3-4 4-5 5-6 6-7 7-8 8-9 9-10 10 -11 11-12 12-13 13-14 14-15 15-16 16-17 17-18 18-19 19-20 20-21 21-22 22-23 23-24 24-25 25-26 26-27 27-28 28-29 29-30 
Animation 68.2 68.0 64.8 68.3 70.6 61.2 65.4 46.2 64.2 70.2 72.1 60.5 66.7 73.6 70.0 61.9 70.3 74.7 66.9 79.8 79.1 77.5 71.8 67.4 65.1 63.3 82.4 79.2 45.2 
Automotive 66.3 59.5 70.1 65.9 52.7 54.2 73.5 47.6 51.3 71.7 53.9 57.9 76.7 72.2 64.7 76.7 75.7 74.5 67.7 92.1 74.3 63.3 70.6 68.0 70.1 54.1 67.2 61.8 50.6 
Beauty 73.3 70.9 77.3 74.6 70.3 67.9 72.4 59.7 62.4 76.5 74.9 69.9 78.9 82.0 61.0 63.4 74.7 75.1 72.3 81.4 80.1 77.5 70.9 75.7 65.7 73.2 78.6 78.0 49.2 
Best of 63.6 63.0 61.0 61.4 64.2 65.2 75.4 46.3 56.2 71.5 59.9 61.9 63.2 60.1 60.8 49.5 70.3 69.9 67.0 79.8 64.5 72.6 61.3 65.0 60.0 66.7 75.3 74.6 45.1 
Causes 70.6 72.7 82.7 71.0 77.1 69.9 70.7 63.9 67.2 76.9 77.7 73.3 73.9 73.0 76.7 73.7 78.5 88.1 73.0 83.3 82.1 77.7 68.9 71.7 75.7 78.5 87.9 77.8 58.7 
Comedy 69.7 65.8 82.5 70.8 73.3 67.4 75.1 51.4 67.8 70.3 72.4 70.3 73.3 77.3 66.7 65.9 68.6 87.5 69.9 84.7 85.8 80.1 67.9 72.6 66.7 68.2 84.4 85.0 44.9 
Cooking 68.6 58.8 59.2 61.8 62.3 58.2 72.4 59.0 60.8 69.2 68.5 61.3 69.6 75.4 62.2 63.6 78.0 83.2 72.8 75.9 73.4 74.8 65.6 78.4 74.7 75.1 78.9 73.0 58.0 
DIY 74.3 66.0 75.0 71.3 68.2 70.1 70.6 58.5 57.1 67.1 71.1 63.6 70.4 67.4 67.3 63.3 72.1 76.7 68.6 84.3 80.9 72.9 64.3 66.9 70.5 66.6 79.9 81.6 52.8 
Education 55.8 61.3 66.3 62.9 56.6 48.1 64.0 57.8 59.3 53.8 62.9 59.6 47.3 68.5 57.5 58.2 64.4 61.8 57.5 56.2 66.5 68.3 59.6 78.7 70.9 73.4 60.2 61.4 63.8 
Entertainment 63.4 53.0 66.0 68.2 45.8 45.8 63.6 56.3 51.3 56.1 56.7 51.0 55.3 69.6 57.9 54.2 71.2 78.7 41.9 73.2 57.6 74.9 66.9 72.4 63.1 65.0 82.9 62.4 45.9 
Fashion 65.7 70.0 74.9 60.9 68.8 65.6 76.0 54.3 65.5 66.3 70.9 68.2 69.2 70.3 67.5 66.2 71.4 77.9 68.1 74.6 76.6 74.8 72.6 74.3 65.6 69.0 77.7 77.4 46.5 
From TV 52.1 78.4 80.0 30.5 82.7 42.5 88.1 39.7 31.4 75.4 44.1 47.2 87.3 85.0 46.5 36.2 82.0 88.5 42.0 66.4 67.3 85.5 68.8 24.7 74.5 76.1 58.3 87.0 41.0 
Gaming 78.9 74.3 77.4 70.6 72.8 68.7 80.0 52.0 73.0 77.9 77.9 62.0 68.2 71.3 71.6 64.3 71.5 87.7 71.8 81.6 76.5 77.8 69.3 83.7 70.1 71.2 84.3 86.0 57.4 
Health 66.3 72.4 76.8 70.2 69.2 73.0 75.5 54.2 66.5 72.8 71.4 69.3 70.6 72.6 68.8 62.4 70.2 76.1 63.4 78.3 77.1 75.2 63.7 69.2 70.4 70.8 69.9 73.8 46.7 
How to 77.0 76.1 80.1 79.8 74.8 71.3 75.7 58.8 75.2 73.3 79.6 71.9 78.0 79.8 70.7 64.6 79.9 81.3 74.9 89.1 82.8 85.5 79.5 83.9 76.3 71.0 91.2 92.4 54.7 
Lifestyle 66.8 64.6 69.3 69.0 70.6 64.4 75.9 66.1 66.4 69.0 72.6 70.7 65.6 70.1 71.4 68.6 68.8 75.4 70.9 78.6 84.3 80.4 73.8 76.0 70.7 73.3 79.3 77.8 49.7 
News 69.5 66.3 78.6 66.6 68.3 68.9 77.0 42.3 62.4 74.7 76.8 66.8 69.9 69.3 65.1 61.0 68.3 87.2 64.5 87.4 85.2 78.4 69.2 79.7 66.0 57.0 91.3 89.6 19.9 
Non-profit 78.7 86.1 71.0 77.0 74.4 73.1 89.5 67.6 67.8 72.3 83.0 83.7 80.1 71.5 58.3 70.4 86.9 94.3 83.4 77.5 80.8 83.6 69.1 73.7 88.1 76.7 83.1 70.7 69.6 
Politics 71.4 72.3 71.5 71.6 70.9 72.3 70.5 62.8 70.9 77.2 74.0 74.1 70.6 63.6 68.9 64.2 76.6 81.6 69.9 77.4 78.8 75.6 66.6 78.6 74.4 66.5 74.4 75.5 54.8 
Science 69.4 72.4 70.5 65.3 69.5 61.0 66.0 53.4 68.6 66.7 63.9 70.8 63.9 70.4 71.7 63.3 73.3 69.3 59.2 80.1 79.6 73.0 70.6 72.3 69.8 69.8 76.5 75.4 53.7 
Sports 68.8 64.7 75.8 65.4 68.2 63.2 75.4 57.4 60.3 68.1 74.8 71.3 71.0 78.1 68.6 55.7 71.1 76.0 65.6 77.4 79.1 70.1 67.8 75.3 65.6 67.2 73.5 75.0 48.0 
Tech 68.4 66.4 68.6 69.0 70.0 71.6 76.5 56.5 59.0 67.3 59.7 67.9 67.9 66.4 60.7 63.7 72.4 75.5 64.7 69.0 77.7 72.5 62.9 67.2 70.5 68.0 77.7 78.1 52.2 
 
Comparison between the first and subsequent search results: The number of repeated category 
search results decreases over time (a left-to-right shift from green to red in Table 5.2). The rate of 
decline differs between categories (different coloured horizontal stripes in Table 5.2). The News, From 
TV, Fashion and Comedy repeats decrease at a greater rate than the other categories (mostly red 
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horizontal stripes in Table 5.2). This suggests either a greater number of videos uploaded to these 
categories providing a wider selection for the API to take its sample from, or changing user interests 
tracked by the YouTube video selection algorithm. This hypothesis is based on the data sample 
collected and therefore cannot be generalised to all search results provided by the YouTube API. 
News has no repeats with the first search from the 15th search onwards. The most likely explanation 
for this is that the daily changing nature of mainstream media news is being followed by the YouTube 
News category video selection algorithm by largely ignoring older videos. This hypothesis cannot be 
directly tested, however. 
From TV has a few anomalies in terms of days when repeats increase (uneven colour changes in its 
horizontal bar in Table 5.2). This could relate to the story arcs within video material, what is being 
watched in traditional TV (often on a weekly schedule) and/or content of the TV programmes acting 
as the sources of these videos.   
The number of repeats is high but decreasing for Non-profit, Causes and Automotive (relatively green 
horizontal bars in Table 5.2). This suggests a smaller pool of videos in these topics, or a core of videos 
with long term value that new videos cannot compete with. 
Table 5.2. Daily Searches - The percentage of videos returned by the first search that also occurred in each 
subsequent search. High values are green, mid-range values are yellow and low values are red. 
Search 1 - 2 1 - 3 1 - 4 1 - 5 1 - 6 1 - 7 1 - 8 1 - 9 1 - 10 1 - 11 1 - 12 1 - 13 1 - 14 1 - 15 1 - 16 1 - 17 1 - 18 1 - 19 1 - 20 1 - 21 1 - 22 1 - 23 1 - 24 1 - 25 1 - 26 1 - 27 1 - 28 1 - 29 1 - 30 
Animation 68.2 59.0 56.6 58.1 53.0 43.4 47.1 38.9 36.2 37.8 39.8 37.7 38.0 38.7 34.0 34.0 32.6 34.4 33.3 32.8 32.1 30.9 29.1 26.8 29.9 28.8 27.2 28.9 23.3 
Automotive 66.3 64.6 65.5 60.2 66.4 57.5 57.2 56.5 53.6 53.5 50.0 48.2 48.8 45.0 50.1 51.0 46.7 45.6 48.5 47.5 49.6 44.0 43.3 46.1 38.2 40.9 48.3 40.9 44.9 
Beauty 73.3 60.9 62.9 57.1 49.6 45.3 45.6 46.3 38.5 41.9 41.3 40.3 41.2 37.4 35.1 30.4 31.5 28.3 27.7 28.0 29.2 27.5 24.5 25.8 26.4 21.1 23.5 22.2 15.2 
Best of 63.6 60.4 55.0 52.7 46.8 43.6 45.2 41.3 42.6 39.2 34.7 34.8 33.1 32.7 30.6 30.7 28.2 31.1 30.3 28.4 27.3 28.4 27.4 27.7 30.5 28.1 28.2 28.7 27.0 
Causes 70.6 65.3 65.6 60.0 63.2 59.9 56.5 50.9 51.8 52.7 48.7 46.5 45.7 45.1 46.0 43.4 42.2 41.7 41.9 40.9 41.8 40.6 40.1 38.9 38.7 38.4 38.5 37.3 37.8 
Comedy 69.7 57.6 53.1 47.4 44.2 37.7 36.9 28.2 28.9 25.5 25.7 20.9 19.5 17.9 17.2 16.8 17.2 16.4 13.8 13.9 12.9 12.4 10.1 9.8 9.0 7.3 7.8 7.5 4.2 
Cooking 68.6 54.3 61.1 56.0 52.0 47.8 48.6 42.0 43.7 43.6 42.9 41.7 42.5 35.9 38.9 38.0 38.7 38.9 35.3 34.2 35.1 34.5 36.3 37.8 33.7 32.1 31.5 32.9 28.6 
DIY 70.7 66.1 57.4 50.6 56.3 51.8 47.8 38.3 42.6 37.6 37.7 37.1 33.9 38.2 37.0 34.9 30.0 33.3 30.0 28.1 27.0 25.2 27.7 23.8 23.0 21.4 22.9 20.5 15.4 
Education 55.8 51.6 53.7 49.4 43.4 39.2 40.6 40.4 33.8 38.6 34.6 31.7 34.4 33.5 34.5 29.4 29.7 28.5 30.9 30.1 29.5 24.5 25.1 24.3 24.4 22.8 29.4 23.9 23.4 
Entertainment 63.4 52.5 50.3 46.7 38.5 38.7 43.6 37.7 31.8 31.8 33.6 30.5 30.4 28.7 31.2 29.7 29.4 25.3 26.2 24.9 28.3 28.9 26.8 26.0 23.6 23.4 27.8 27.1 24.0 
Fashion 65.7 57.2 51.2 49.2 44.5 38.8 37.4 36.4 32.9 32.1 30.2 30.3 27.3 26.6 24.4 20.9 19.2 19.7 20.2 18.1 15.9 16.5 14.3 14.7 10.1 6.5 6.2 7.8 1.1 
From TV 52.1 43.2 60.0 18.4 30.7 17.2 16.4 34.9 15.0 32.3 10.8 17.0 18.6 18.0 16.8 9.2 10.1 8.7 13.0 13.8 9.9 15.5 37.5 10.6 9.2 10.1 8.3 4.6 10.6 
Gaming 78.9 64.9 55.7 53.8 47.6 46.1 45.6 39.3 40.6 39.1 34.7 29.2 29.0 27.2 25.7 21.4 23.4 20.4 18.6 17.5 17.5 18.8 20.1 21.9 17.9 16.3 19.2 16.3 15.5 
Health 66.3 59.0 60.9 50.1 47.5 44.0 42.0 37.8 40.8 39.2 37.3 34.0 35.6 36.9 35.7 30.3 34.4 32.9 27.3 27.8 26.7 27.1 26.2 26.9 25.6 22.3 27.3 23.5 17.3 
How to 77.0 62.5 58.1 52.2 48.4 40.3 39.2 34.2 31.3 33.2 29.5 29.6 28.2 26.3 23.6 23.4 21.5 22.5 22.1 23.0 21.5 20.8 21.3 21.7 19.9 19.0 19.2 20.3 17.1 
Lifestyle 66.8 60.8 57.2 54.7 53.5 50.9 49.3 43.6 42.0 41.2 45.0 43.2 36.3 42.7 40.6 39.3 35.0 39.5 37.8 36.6 37.4 37.6 35.4 36.2 34.9 32.4 33.6 30.9 23.7 
News 69.5 45.3 40.0 27.2 20.7 16.9 15.8 11.9 8.6 8.4 6.8 3.3 0.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
Non-profit 78.7 76.2 71.4 68.8 71.1 68.3 68.2 55.1 66.2 63.6 60.9 61.0 59.5 60.0 55.9 59.8 59.1 59.3 60.1 48.7 58.2 57.3 48.4 54.9 58.5 50.9 51.8 54.2 49.4 
Politics 71.4 65.6 64.4 60.1 58.1 52.3 52.3 51.7 52.7 50.6 47.2 43.5 42.5 44.8 46.8 41.9 42.7 39.4 38.5 36.8 38.4 41.1 35.9 36.6 36.6 38.3 36.8 36.7 30.8 
Science 69.4 65.5 62.4 52.8 48.6 48.1 48.9 44.1 40.6 43.3 40.1 39.6 36.7 40.4 36.5 34.6 32.5 33.9 30.8 31.6 31.3 29.8 30.7 28.6 27.9 26.4 28.8 28.5 26.6 
Sports 68.8 62.4 62.4 53.5 53.7 45.6 42.9 43.5 36.6 33.4 34.0 34.7 34.9 32.3 35.4 27.4 26.8 27.2 25.1 26.2 24.7 24.3 24.4 22.6 19.0 19.2 18.9 20.3 16.0 
Tech 68.4 60.6 59.7 56.8 51.2 48.3 49.5 48.7 42.6 41.9 39.7 36.9 37.4 37.1 36.5 37.1 34.7 33.8 32.8 33.3 31.7 30.5 30.4 32.0 32.3 29.5 30.1 29.8 29.1 
 
Videos within multiple search results: Most videos occur only once over 30 days for most categories 
(Table 5.3). There is a slightly greater spread of percentages of videos being repeated from 1 to 6 times 
across the categories Comedy, Gaming, News, Non-profit, From TV and How-to. As before, this may 
be due to the size of the pool of videos to choose from or the YouTube algorithm reflecting changing 
user interests. 
News provides a higher proportion of videos repeated 3, 4, 5 and 6 times, but has no videos that are 
repeated more than 15 times (Table 5.3). This supports the above conjecture that the News category 
is affected by the news cycle covering current and topical events with a limited lifespan. This gives the 
strongest evidence yet that the YouTube algorithm is affected by public interest and not just the 
pool of available videos.  
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Table 5.3. Daily Searches - Video appearance frequency over 30 days. High values are green, mid-range values 
are yellow and low values are red (categories in decreasing order of repetition). 
No of appearances 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 
Automotive 69.6 5.8 1.9 1.7 1.3 1.0 0.9 1.1 0.9 1.4 1.2 0.8 0.5 0.7 0.5 0.7 0.6 0.7 0.7 0.6 0.6 0.6 0.8 1.1 0.9 1.0 0.4 0.8 0.6 0.8 
Science 69.5 2.8 2.7 2.4 2.2 2.0 1.5 1.7 1.3 0.9 1.1 1.2 1.1 0.9 1.0 0.6 0.5 0.5 0.5 0.3 0.5 0.5 0.4 0.4 0.5 0.3 0.7 0.8 0.8 0.6 
Health 68.8 3.8 3.0 3.3 1.8 1.9 1.9 2.1 1.2 1.2 1.3 0.8 0.8 1.0 0.6 0.5 0.5 0.4 0.4 0.5 0.5 0.3 0.4 0.2 0.2 0.4 0.4 0.7 0.4 0.7 
Lifestyle 68.5 4.9 2.3 2.4 1.9 1.7 1.3 1.4 1.3 0.8 1.0 1.1 1.1 0.8 0.8 0.4 0.7 0.6 0.4 0.5 0.4 0.5 0.4 0.5 0.6 0.6 0.7 0.8 0.7 1.0 
Education 68.4 3.4 3.0 2.2 2.8 2.1 2.0 1.9 1.5 1.1 1.1 1.0 1.0 0.9 0.6 0.7 0.7 0.6 0.8 0.4 0.6 0.3 0.3 0.4 0.5 0.5 0.2 0.3 0.4 0.4 
Tech 68.1 3.8 3.4 2.7 2.7 1.9 2.0 1.7 1.2 1.0 0.7 0.9 0.9 0.7 0.7 0.5 0.7 0.6 0.4 0.3 0.6 0.3 0.3 0.6 0.5 0.4 0.5 0.4 0.6 0.9 
Cooking 66.8 3.4 2.6 3.5 2.6 1.6 1.8 1.7 1.4 0.9 1.2 0.8 1.2 0.7 0.7 0.5 0.7 0.5 0.5 0.5 0.9 0.7 0.5 0.3 0.1 0.6 0.8 0.9 0.6 1.0 
Politics 66.7 5.8 2.3 2.8 1.7 1.8 1.6 1.3 1.0 0.9 0.9 1.1 0.7 0.9 0.6 0.7 0.6 0.7 0.5 0.5 0.7 0.5 0.6 0.5 0.6 0.8 0.6 0.8 0.8 1.1 
Causes 63.1 7.9 2.5 2.2 1.9 1.6 1.5 1.3 1.6 0.7 0.7 0.8 1.0 1.0 0.9 0.4 0.7 0.7 0.6 0.9 0.8 0.3 0.5 0.5 0.5 0.4 0.5 1.0 1.4 1.9 
Fashion 63.0 4.6 3.5 3.9 3.5 3.0 2.2 2.1 1.2 1.4 1.1 1.0 1.1 1.2 0.8 0.7 0.6 0.6 0.5 0.7 0.4 0.5 0.4 0.4 0.5 0.4 0.2 0.2 0.3 0.1 
Sports 61.6 5.3 4.4 4.2 3.2 3.0 2.1 2.3 1.3 1.0 1.5 0.8 0.8 0.8 0.8 0.6 0.5 0.4 0.4 0.5 0.5 0.3 0.4 0.5 0.4 0.5 0.2 0.6 0.5 0.4 
Entertainment 58.7 9.1 5.5 3.6 3.5 2.7 2.4 1.7 1.7 1.3 0.9 0.9 0.9 0.8 0.9 0.7 0.4 0.4 0.4 0.5 0.4 0.5 0.4 0.2 0.3 0.4 0.3 0.3 0.1 0.0 
Animation 58.3 8.9 5.0 4.1 3.1 2.6 2.4 1.7 1.2 0.8 1.2 0.8 1.0 0.6 0.8 0.5 0.6 0.5 0.4 0.4 0.4 0.4 0.3 0.2 0.5 0.6 0.5 0.6 0.7 0.6 
Beauty 55.7 5.2 4.6 4.9 3.3 2.8 2.3 2.4 1.5 1.2 1.6 1.8 1.3 1.3 0.9 0.8 0.5 0.7 0.8 0.7 0.6 0.6 0.4 0.6 0.5 0.6 0.6 0.7 0.9 0.5 
Best of 55.6 11.1 5.1 4.3 2.9 2.8 2.3 2.2 1.6 1.1 1.3 0.9 0.8 1.0 0.7 0.6 0.3 0.5 0.5 0.4 0.3 0.3 0.4 0.3 0.6 0.6 0.7 0.4 0.4 0.1 
DIY 54.3 8.6 5.9 4.0 2.9 2.9 2.4 2.3 1.6 1.6 1.5 1.1 0.9 0.9 0.9 0.7 0.5 0.8 0.4 0.6 0.6 0.4 0.5 0.6 0.4 0.3 0.4 0.3 0.6 0.9 
Comedy 47.3 13.0 7.8 5.6 4.4 3.5 3.1 2.2 1.4 1.3 1.2 1.4 0.9 1.1 0.8 0.4 0.5 0.8 0.4 0.5 0.3 0.3 0.3 0.3 0.3 0.2 0.1 0.3 0.2 0.3 
Gaming 37.5 16.6 8.4 5.9 4.4 3.7 2.4 2.8 2.0 2.4 1.4 1.9 1.2 1.5 0.8 0.9 0.5 0.7 0.5 0.4 0.5 0.5 0.3 0.3 0.2 0.3 0.2 0.2 0.9 0.7 
News 29.6 18.3 15.0 11.9 6.3 4.6 3.8 2.8 2.1 1.6 1.4 1.2 1.0 0.3 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
Non-profit 26.9 18.5 13.6 4.6 2.1 2.5 1.4 1.9 1.8 1.4 1.8 1.2 1.0 1.3 1.1 1.0 0.8 0.6 0.6 0.6 0.9 1.1 1.2 1.4 1.2 1.9 1.9 0.9 2.5 2.6 
From TV 17.3 21.0 17.4 7.5 5.0 3.6 4.1 2.0 2.8 3.1 1.3 2.6 0.2 1.0 1.3 1.1 1.8 2.6 1.6 0.3 0.2 0.3 0.2 0.3 0.5 0.0 0.2 0.7 0.0 0.2 
How to 16.0 10.4 8.1 7.3 4.6 3.4 2.6 1.8 1.3 1.4 1.3 1.0 0.7 0.9 0.8 0.6 0.4 0.7 0.3 0.3 0.7 0.4 0.2 0.1 0.2 0.4 0.4 0.3 0.4 0.4 
 
5.2 Metadata and Metrics for Daily Category Search Videos 
Metadata for videos returned by all searches within a category: Categories with many videos 
appearing in all 30 results seem to have relatively stable topics (Table 5.4). Best of has the most videos 
that appeared within every sample, suggesting that being a top video is a relatively stable 
characteristic. 
There is no clear relationship between stability and the mean values of the other metrics (Table 5.4). 
The existence of substantial differences in metadata between categories with similar numbers of 
videos suggests that the cause of the differences is the category topic rather than the characteristics 
of its videos. Entertainment and From TV have 1 video that appeared in every search. There is a 
substantial difference in the metrics for these except length, which could be a coincidence (Table 5.4). 
There are also substantial differences in the metadata averages for Gaming and Animation with 20 
videos and Health and DIY with 26 videos. Thus, there isn’t a simple cross-category relationship 
between metadata values and likelihood to be selected by the API. 
One clear finding from the metadata is that the frequently repeated videos are young – less than four 
months old in all except two cases. This is important because YouTube has decades of videos, so its 
algorithm is selecting almost exclusively recent videos for frequently repeated videos. With one 
exception (From TV: video with title, “Very creepy, disturbing children's cartoon, banned from TV”, 
posted in 2007 and with over 15 million views:  https://www.youtube.com/watch?v=cqi5F5MqqTQ) 
the results do not include classic viral YouTube videos. For example, Gangnam Style (3.4 billion views: 
https://www.youtube.com/watch?v=9bZkp7q19f0) and Charlie Bit My Finger (8500 million views: 
https://www.youtube.com/watch?v=_OBlgSz8sSM) are absent from the results. 
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Table 5.4. Daily Searches – Number of videos and metadata averages for videos appearing in all results sets for 
a category. High values are green, mid-range values are yellow and low values are red. The metadata is from 
the first occurrence of the each video in the dataset. 
30 Appearances Videos Days Title Words Dislikes Likes View Count Comments Length 
Best of 120 71 12 55 1704 320505 186 933 
Causes 56 91 8 35 627 45126 196 584 
Non-profit 47 156 8 0 9 695 4 565 
Politics 37 73 9 39 1009 34952 126 1041 
Tech 33 71 9 63 2361 113747 883 2192 
Lifestyle 31 80 9 49 716 45658 203 891 
Cooking 28 67 10 64 2484 133623 230 660 
DIY 26 64 8 311 32079 451146 2329 372 
Health 26 77 7 5 196 7802 27 1594 
Automotive 23 98 8 2 139 4408 32 695 
Animation 20 75 7 599 20670 1345041 1755 156 
Gaming 20 67 9 150 11368 394395 1256 931 
Science 19 72 7 179 6388 426794 534 1482 
How to 16 81 8 503 14486 862542 1235 292 
Education 15 67 7 2 30 1923 13 1650 
Beauty 14 67 10 211 7650 526747 685 390 
Sports 12 73 6 244 4238 717957 570 355 
Comedy 8 58 12 174 9883 475210 972 1828 
Fashion 5 67 7 108 6248 130373 499 783 
Entertainment 1 54 9 96 21379 250505 1148 318 
From TV 1 3076 8 4526 55792 14812772 59049 305 
News 0 0 0 0 0 0 0 0 
 
Metadata for videos returned by only one search for a category: There are wide variations in the 
average metadata properties of videos returned only once by API searches (Table 5.5). The API may 
therefore ignore the associated metrics when taking a sample, use more complex popularity indicators 
(e.g., views in the last day), or may reference the values to within-category averages. Nevertheless, 
videos with no repeats (Table 5.5) tend to have lower means than always repeated videos (Table 5.4) 
across the metrics associated with the categories. Since higher popularity metrics (Likes, Dislikes, 
Views, and Comments) are a logical consequence of being frequently recommended, it is not clear 
whether this is a cause or effect of the recommendation. Either the videos were selected for category 
searches partly based on their popularity, or their category recommendation quickly resulted in 
popularity, triggering the YouTube system to retain them as category recommendations. 
 With two exceptions (Non-profit, From TV), the videos occurring once are under two months old. 
Given that YouTube has decades of videos to choose, the YouTube category search API algorithm 
primarily selects young videos. There does not seem to be a systematic pattern in terms of title words 
or video length, however. 
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Table 5.5. Daily Searches – Number of videos and associated mean data for videos occurring in a single result 
set for a category. High values are green, mid-range values are yellow and low values are red.  
No Repeat Videos Days Title Words Dislikes Likes View Count Comments Length 
Health 2503 37 9 2 29 972 5 563 
Tech 2456 37 9 2 61 1843 7 593 
Science 2386 36 10 1 39 2539 6 4171 
Education 2360 39 8 1 8 2682 2 1454 
Fashion 2347 36 8 5 171 8736 19 260 
Lifestyle 2172 36 8 1 10 363 2 405 
Politics 2166 35 10 0 3 371 1 1334 
Automotive 2129 38 8 0 0 55 0 129 
Cooking 2127 38 8 3 51 4077 7 420 
Entertainment 2093 59 8 7 121 25800 14 845 
Sports 2047 37 9 6 115 11555 12 406 
Animation 1955 40 11 17 285 31738 32 3341 
Best of 1906 55 10 42 1106 142873 91 3050 
Causes 1859 36 9 0 4 327 1 654 
DIY 1728 40 9 22 826 18245 64 255 
Beauty 1674 36 9 6 213 7581 28 2798 
Comedy 1648 38 12 9 134 20552 12 3951 
News 1222 35 9 18 339 20548 91 753 
Gaming 1107 41 10 20 610 18272 236 1736 
How to 583 61 9 110 3667 135812 387 735 
Non-profit 489 85 8 1 73 4063 10 452 
From TV 106 431 10 5 95 33768 23 293 
 
Comments per video: A high proportion of videos in all categories have few (0 to 10) comments (Table 
5.6), confirming that the API does not wait for a video to be extensively discussed before returning 
it in search results. Automotive, Education and Non-profit have a higher percentage of videos with 0 
to 10 comments. Either videos in these categories receive fewer comments or there are fewer videos 
to choose from, so less popular videos are returned by the API. There do not appear to be substantial 
similarities within each of the bandings when compared across the different categories.  
Table 5.6. Daily Searches – Percentage of videos by number of comments. High values are green, mid-range 
values are yellow and low values are red. 








































































































Animation 32.62 6.39 4.35 3.14 2.79 6.51 17.88 7.43 14.78 3 1.11 0 0 
Automotive 89.96 4.73 1.51 0.67 0.57 1.54 0.8 0.22 0 0 0 0 0 
Beauty 29.27 6.78 5.16 3.29 2.82 11.28 24.17 8.8 7.54 0.75 0.14 0 0 
Best Of 24.24 4.31 2.68 2.48 2.06 9.15 27.55 10.52 14.65 1.45 0.78 0 0.12 
Causes 67.82 5.65 2.33 2.95 2.04 5.52 9.41 2.3 1.79 0 0.2 0 0 
Comedy 54.44 12.32 6.97 4.17 3.02 5.87 7.65 2.81 2.4 0.25 0.1 0 0 
Cooking  39.07 9.36 6.38 3.98 2.55 10.38 21.82 3.42 3.02 0 0.03 0 0 
DIY 18.34 5.84 4.34 3.77 2.78 12.17 28.86 9.79 11.81 1.7 0.61 0 0 
Education  83.04 3.2 2.51 1.98 0.55 1.5 5.38 1.16 0.67 0 0 0 0 
Entertainment 62.61 6.95 3.71 2.46 1.92 7.16 8.98 3.02 2.59 0.32 0.29 0 0 
Fashion  56.19 5.78 3.6 2.21 2.86 7.55 15.27 4.6 1.87 0.08 0 0 0 
From TV 75.12 1.41 1.3 1.7 0.64 0.98 8.49 1.96 6.21 0.12 1.21 0.87 0 
Gaming  18.01 5.27 4.02 2.78 1.78 8.12 29.03 13.8 14.39 2.55 0.26 0.01 0 
Health 79.97 5.2 1.69 1.66 1.04 3.77 4.51 1.32 0.84 0 0 0 0 
How to  19.06 5.53 4.99 2.8 2.51 9.4 25.91 9.95 16.28 2.77 0.81 0 0 
Lifestyle 54.14 7.81 5.62 3.39 3.34 7.97 14.77 2.11 0.84 0 0 0 0 
News 38.36 6.27 4.37 3.46 2.8 9.9 24.78 4.88 4.76 0.12 0.17 0.03 0.08 
Non-profit 93.73 2.78 1.27 0.31 0.07 1.32 0.28 0.22 0.01 0 0 0 0 
Politics 66.93 7.74 3.47 2.47 1.16 6.22 9.22 1.72 0.82 0.13 0.13 0 0 
Science 60.95 7.56 3.51 3.14 1.51 5.01 9.78 3.28 3.85 0.89 0.51 0 0 
Sports 52.65 4.91 3.99 2.64 2.41 7.66 18.4 3.47 2.78 0.57 0.52 0 0 
Tech 63.08 4.21 2.82 1.57 2.37 4.82 9.6 5.18 4.45 1.52 0.37 0 0 
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Likes per video: There is a high percentage of videos extracted by the API that have few, or no, likes, 
particularly Automotive, Causes, Education, From TV, Health, Non-profit, Politics and Science (Table 
5.7). This suggests that the API does not primarily select highly liked videos. 
There is a rise in the percentage of videos in the ‘101 to 200’ and ‘501 to 1000’ bands are due to 
increases in band width. The categories Animation, Beauty, Best of, DIY, Gaming and How-to have a 
high percentage of videos with more than 4000 likes – this could reflect the overall popularity or 
longevity of videos in these categories (Table 5.7). These categories (except Animation) may provide 
more instructional videos that would have longer-term value.  
There are substantial differences in the percentages of likes in each of the columns across all the 
categories. The number of likes that a video receives is therefore not used in a simplistic cross-category 
way in the sample that the API provides (Table 5.7). 
Table 5.7. Daily Searches – Percentage of videos by number of likes. High values are green, mid-range values 
are yellow and low values are red. 
































































































































Animation 8.36 13.02 3.20 2.08 1.52 1.50 1.18 0.85 0.70 1.15 0.95 5.51 3.71 2.45 2.24 7.22 4.35 2.25 3.77 2.80 31.19 
Automotive 41.87 36.90 5.50 2.75 2.31 2.13 1.29 1.23 0.66 0.28 0.43 2.52 1.33 0.16 0.07 0.28 0.01 0.07 0.22 0.00 0.00 
Beauty 10.99 8.29 4.59 2.47 2.21 2.10 1.23 1.39 0.48 0.90 1.09 7.07 4.70 3.55 2.04 7.02 4.44 2.75 5.46 3.65 23.57 
Best of 10.92 7.42 1.75 0.97 0.93 0.64 0.53 0.45 0.62 0.66 0.51 3.53 2.93 2.48 2.00 10.41 6.89 4.31 6.43 3.84 31.78 
Causes 22.56 33.23 7.40 4.62 2.79 1.22 0.73 1.66 1.35 1.28 0.87 6.88 2.72 1.15 1.26 3.39 1.43 1.63 2.03 0.29 1.54 
Comedy 6.11 11.95 6.35 4.32 3.78 3.54 2.71 2.49 2.31 2.17 1.71 14.42 8.81 4.81 3.33 8.22 2.53 1.94 2.09 1.53 4.88 
Cooking 16.71 11.15 4.57 2.90 1.86 1.54 2.26 1.70 1.12 1.35 0.99 7.95 6.55 3.37 2.83 9.45 4.65 3.78 3.58 3.30 8.38 
DIY 7.55 6.46 1.84 1.24 1.14 1.01 0.83 0.71 0.95 0.71 0.57 4.53 3.94 3.38 3.17 9.30 4.78 4.40 5.74 4.94 32.82 
Education 26.06 42.48 7.27 3.83 3.08 1.65 1.04 0.95 0.39 0.43 0.26 2.89 2.17 0.81 0.71 1.63 0.95 0.48 1.76 0.71 0.65 
Entertainment 22.03 21.34 4.93 3.95 3.11 2.26 2.58 1.70 1.62 1.08 0.95 4.37 3.49 3.53 2.05 5.82 3.01 1.89 2.31 1.73 6.24 
Fashion 17.95 16.63 6.53 5.15 3.89 2.40 2.08 1.19 1.15 0.87 1.21 5.68 3.04 2.43 2.24 7.18 4.73 3.37 4.68 1.81 5.78 
From TV 56.87 15.65 1.53 0.14 0.35 0.64 0.20 0.06 0.61 0.69 0.09 2.51 2.68 1.62 0.75 3.46 1.07 0.14 1.27 0.64 9.04 
Gaming 3.79 8.34 3.50 2.23 1.72 1.38 1.44 0.91 0.90 0.81 0.96 7.12 5.67 3.35 3.05 8.20 6.71 4.72 7.80 4.24 23.14 
Health 30.94 35.52 8.45 3.07 1.73 1.97 0.94 0.40 0.90 0.72 0.58 3.90 2.98 1.03 0.86 2.39 0.51 0.36 0.52 0.47 1.77 
How to 2.75 7.47 2.39 1.89 1.42 0.96 0.79 0.91 0.54 0.66 0.38 5.26 5.02 3.97 3.13 10.66 6.66 4.73 4.85 4.72 30.81 
Lifestyle 18.18 24.10 7.37 3.82 2.82 1.70 1.43 1.65 0.94 1.68 1.09 7.65 4.43 2.64 2.29 7.08 2.03 3.42 2.45 0.65 2.57 
News 6.09 21.30 6.42 3.77 2.89 2.59 2.86 2.13 1.41 1.71 1.55 10.30 5.62 3.97 2.70 10.25 4.29 2.48 2.68 1.47 3.51 
Non-profit 49.51 38.04 3.98 1.37 1.08 1.37 0.55 0.36 0.17 0.05 0.04 1.67 0.63 0.17 0.05 0.42 0.26 0.06 0.01 0.03 0.19 
Politics 25.46 30.81 9.46 4.86 3.34 1.85 1.72 0.75 1.21 0.47 0.63 4.69 1.35 1.29 1.53 3.40 1.55 1.08 1.84 0.66 2.04 
Science 22.76 22.59 6.19 4.19 2.86 1.49 1.39 1.13 0.92 1.23 1.28 8.44 3.25 2.08 1.16 3.17 2.47 2.34 2.29 0.67 8.11 
Sports 19.32 18.18 5.76 2.33 2.18 1.20 1.38 0.90 0.74 1.17 1.07 8.97 3.89 2.30 2.19 7.59 3.64 2.10 2.38 1.80 10.90 
Tech 18.69 28.93 9.18 3.53 2.29 1.68 1.61 0.84 0.64 0.53 0.81 4.01 2.75 1.30 1.65 3.73 4.23 2.39 2.00 1.04 8.17 
 
Dislikes per video: A high proportion of videos have few dislikes across most of the categories (Table 
5.8). Automotive and Non-profit seem to have a low percentage of dislikes – also for Causes, Education 
and Health. The videos provided within the API sample have fewer dislikes than likes (Tables 5.7 and 
5.8), which may be in line with YouTube in general. As with likes, the variation in the percentages of 
dislikes across the categories within the bands suggests that there is not a pattern in relation to what 
the API selects. It seems that the API does not take dislikes or likes into consideration in a simplistic 
way when selecting videos for a category search, although they might be minor features in the 
algorithm. 
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Table 5.8. Daily Searches – Percentage of videos by number of dislikes. High values are green, mid-range 
values are yellow and low values are red. 
































































































































Animation 21.74 17.74 6.01 4.25 2.70 2.12 1.60 1.47 1.27 1.14 1.10 8.47 5.02 4.07 2.92 6.77 4.72 1.94 2.64 1.26 1.07 
Automotive 80.21 18.72 0.56 0.34 0.14 0.01 0.01 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Beauty 23.63 24.63 6.71 3.56 4.47 3.24 2.63 2.51 2.40 1.67 1.96 9.84 3.73 2.94 1.19 2.72 1.00 0.53 0.47 0.05 0.12 
Best of 18.03 13.62 6.68 4.53 4.47 2.64 2.84 2.20 1.77 1.62 1.66 8.99 5.11 3.70 2.69 7.60 5.13 1.67 1.21 1.37 2.48 
Causes 52.19 31.22 4.99 2.56 1.17 0.38 0.79 1.65 0.77 0.36 0.10 1.96 0.93 0.37 0.06 0.21 0.18 0.12 0.00 0.00 0.00 
Comedy 14.66 34.06 13.83 8.42 6.76 3.61 2.90 1.42 1.69 1.40 0.57 4.30 2.28 1.06 0.86 1.28 0.47 0.28 0.04 0.00 0.10 
Cooking 32.59 31.06 8.09 5.03 3.65 1.79 1.95 1.95 1.53 0.69 0.76 4.24 1.93 0.79 0.59 1.48 0.82 0.31 0.35 0.24 0.16 
DIY 17.02 20.41 8.94 5.55 3.59 3.75 2.93 2.28 2.19 1.62 1.91 10.02 4.97 3.17 2.98 5.70 1.70 0.44 0.40 0.25 0.19 
Education 68.05 21.68 2.82 1.37 0.79 0.35 0.52 0.47 0.44 0.12 0.47 1.61 0.48 0.30 0.11 0.38 0.03 0.00 0.00 0.00 0.00 
Entertainment 44.29 26.77 7.47 4.08 2.07 0.89 1.31 1.04 1.05 0.23 0.55 4.31 1.52 1.01 0.22 0.93 0.74 0.46 0.36 0.25 0.45 
Fashion 35.79 31.48 6.02 4.65 3.61 2.30 2.38 2.37 1.71 0.95 0.68 4.32 2.10 0.66 0.28 0.46 0.23 0.01 0.00 0.00 0.00 
From TV 71.71 7.88 2.66 1.39 0.66 0.61 0.55 1.44 1.50 0.23 0.03 1.96 3.35 1.21 1.33 0.49 1.39 0.00 0.00 0.00 1.41 
Gaming 13.74 24.84 10.04 6.96 4.77 3.98 2.54 2.25 1.51 1.66 0.92 8.29 6.33 3.54 2.31 3.01 1.81 0.27 0.64 0.31 0.27 
Health 68.61 21.68 3.82 1.42 0.77 0.68 0.39 0.55 0.17 0.03 0.11 0.74 0.22 0.47 0.28 0.06 0.00 0.00 0.01 0.00 0.00 
How to 11.28 23.64 10.41 5.65 4.40 4.14 2.36 1.91 1.89 2.34 1.69 7.80 4.25 3.15 2.01 6.67 2.07 1.17 1.21 0.78 1.19 
Lifestyle 44.50 35.42 5.25 3.21 2.68 1.61 0.74 0.32 0.65 0.80 0.55 2.40 0.36 0.22 0.27 0.54 0.20 0.08 0.00 0.20 0.00 
News 19.01 37.80 14.24 6.73 3.67 2.45 2.10 1.19 1.41 1.08 0.50 4.75 2.16 0.88 0.32 1.06 0.20 0.06 0.32 0.02 0.06 
Non-profit 87.82 11.05 0.60 0.28 0.01 0.01 0.00 0.20 0.00 0.00 0.01 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Politics 48.76 35.10 5.41 1.77 1.67 1.60 1.04 0.39 0.31 0.85 0.19 1.37 0.69 0.34 0.12 0.08 0.00 0.00 0.19 0.10 0.00 
Science 45.37 29.59 6.52 2.95 2.14 1.55 1.22 0.56 0.48 0.42 0.31 1.67 1.74 1.50 0.68 1.44 0.48 0.30 0.89 0.10 0.10 
Sports 38.74 26.92 6.52 4.10 2.59 1.94 1.28 1.99 1.36 1.04 1.30 5.58 1.83 1.10 0.82 1.14 0.72 0.28 0.15 0.00 0.58 
Tech 48.36 25.94 5.05 2.57 1.91 1.56 1.43 1.22 0.90 0.77 1.18 3.97 1.93 1.42 0.38 1.04 0.32 0.05 0.00 0.01 0.00 
 
Video age: Most videos within the sample provided by the API are 51 to 200 days old (Table 5.9). Apart 
from the From TV category, there are no videos older than 1001 days.  Best of, Entertainment, From 
TV and Non-profit have slightly more, older videos, suggesting longevity of the content or a lack of 
requirement to update material. The API does not seem to provide any particularly new videos, i.e. 
those within the 1 to 10-day banding, with the small exception of Health and Non-profit. Thus, the API 
chooses videos that are at least 11 days old. After this, differences between categories may be due 
to the longevity or competition (number of videos) of typical videos.   
Table 5.9. Daily Searches – Percentage of videos by age (number of days). High values are green, mid-range 
values are yellow and low values are red. 




























































































































Animation 0.00 2.15 5.74 8.38 10.27 46.94 26.53 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Automotive 0.00 2.72 5.47 5.07 5.91 19.49 40.28 21.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Beauty 0.00 2.12 6.46 6.93 14.98 65.80 3.72 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Best of 0.00 2.30 5.53 7.95 8.60 25.12 28.27 19.75 2.42 0.07 0.00 0.00 0.00 0.00 0.00 0.00 
Causes 0.00 2.38 6.06 6.33 7.48 32.72 44.66 0.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Comedy 0.00 2.38 7.28 11.84 19.13 59.37 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Cooking 0.00 2.54 5.60 6.61 11.93 45.64 27.60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
DIY 0.00 2.67 6.05 10.98 14.34 60.64 5.35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Education 0.00 2.65 6.50 7.02 7.99 37.25 35.92 2.68 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Entertainment 0.00 1.17 6.36 6.45 8.12 20.83 27.27 17.65 7.61 3.68 0.86 0.00 0.00 0.00 0.00 0.00 
Fashion 0.00 3.14 9.19 14.84 17.06 55.26 0.51 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
From TV 0.00 1.41 3.98 3.72 4.16 1.59 15.59 16.97 3.35 8.31 18.82 6.90 6.52 6.41 0.84 1.41 
Gaming 0.00 2.14 8.20 15.77 17.31 48.94 7.65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Health 0.01 3.18 8.09 8.06 10.89 36.12 33.52 0.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
How to 0.00 1.93 8.23 12.10 13.99 42.44 21.31 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Lifestyle 0.00 2.51 6.41 6.46 9.39 38.58 36.65 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
News 0.00 4.06 20.09 25.51 26.10 24.25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Non-profit 0.01 1.48 4.46 3.51 4.13 11.60 25.37 25.08 18.13 6.24 0.00 0.00 0.00 0.00 0.00 0.00 
Politics 0.00 2.70 6.70 8.47 11.20 42.41 28.52 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Science 0.00 2.51 6.52 8.18 9.81 40.71 32.27 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Sports 0.00 3.03 7.74 8.77 14.36 49.71 16.39 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Tech 0.00 2.68 7.32 9.15 11.96 45.14 23.75 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
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Video length: There is an even spread in the length of the videos provided by the API (Table 5.10). 
Almost half (45%) of Comedy videos last for more than 1 hour (3600 seconds). The available data 
indicates that these are full-length professional comedy performances (live or from TV) rather than 
shorter user generated amateur productions. Since the focus of YouTube is user generated content 
(Arthurs et al., 2018; Berryman and Kavka, 2018; Crick, 2016; Dehghani et al., 2016) and issues relating 
to copyright (Bulakh et al., 2014; Jondet, 2008; Frey, 2007) then shorter amateur productions will 
outnumber longer professional content. Therefore, from the data collected, this suggests that the API 
is deliberately, or as a side effect of its algorithm, favouring the longer Comedy videos. 
A fifth of the From TV videos last about a minute (61 to 70 seconds). These are probably trailers for 
TV shows since they are too short for full episodes and the standard length suggests that they are not 
ad-hoc popular scenes from longer shows. In addition, previous research has discussed that TV advert 
‘spots’ generally average 60 seconds (McAllister and Stoltzfus‐Brown, 2020; Baranova and 
Trofymenko, 2018; Wells et al., 2005). 
Table 5.10. Daily Searches – Percentage of videos by length (seconds). High values are green, mid-range values 
are yellow and low values are red. 




























































































































































Animation 2.41 2.43 1.64 2.71 3.04 3.68 4.11 3.64 2.76 7.89 8.47 5.4 4.68 2.85 5.06 2.73 2.17 2.58 2.39 2.59 0.68 3.44 3.04 13.09 6.52 
Automotive 2.17 3.68 1.08 2.42 1.9 3.79 5.65 2.79 3.11 8.78 9.09 6.35 5.99 5.3 6.72 4.2 2.5 3.78 4.23 3.05 2 4.53 2.26 3.99 0.66 
Beauty 0.3 0.29 0.15 0.49 0.99 0.76 0.97 0.78 1.65 4.11 3.34 3.8 5.23 2.11 5.07 7.66 4.74 9.83 11.06 12.64 8.38 4.91 4.3 4.19 2.26 
Best of 0.3 0.26 0.25 0.31 0.29 0.23 0.69 0.9 0.72 3.2 4.47 3.49 3.41 4.23 6.39 5.77 4.56 6.22 5.58 7.9 6.46 10.44 3.39 8.47 12.07 
Causes 0.46 1.1 2.86 3.14 2.47 4.7 3.81 3.92 2.93 5.46 6.72 6.67 3.99 5.32 8.02 5.22 4.71 7.81 4.58 3.14 2.86 4.61 2.05 2.3 1.14 
Comedy 0.1 0.47 0.44 1.39 0.73 0.58 1.02 0.65 1.21 2.09 4.44 3.9 1.12 0.84 2.28 2.16 3.01 2.6 1.57 3.12 3.67 11.65 5.15 20.86 24.96 
Cooking 1.3 0.56 0.43 2.15 2.28 1.53 2.05 3.13 1.75 3.49 3.8 4.02 4.45 8.72 11.17 7.53 5.06 9.49 6.33 7.8 4.7 4.96 1.38 1.4 0.53 
DIY 2.61 0.34 0.06 0.34 0.34 0.37 0.62 0.45 1.02 3.94 4.87 4.21 6.09 6.95 13.88 12.19 9.15 14.2 6.3 6.72 3.14 1.83 0.25 0.08 0.03 
Education 1.62 0.8 0.55 0.95 0.77 1.77 1.72 2.23 1.56 6.54 6.6 7.31 4.99 3.74 6.89 3.37 3.08 4.97 3.96 6.17 3.31 7.3 6.6 7.46 5.71 
Entertainment 1.68 2.34 1.23 2.66 2.28 1.58 2.18 2.81 2.12 5.49 6.07 5.31 5.95 5.34 9.82 5.04 3.36 5.75 4.49 4.82 2.99 5.88 6.62 2.94 1.24 
Fashion 8.06 0.9 0.74 0.99 1.02 1.41 1.38 1.61 2.4 8.88 7.15 5.82 5.4 3.77 6.17 6.13 3.77 7.44 6.54 7.7 5.19 4.63 1.53 1.15 0.25 
From TV 0.95 2.31 2.37 3.2 0.95 1.59 20.03 3.41 0.81 7.3 5.23 5.72 3.61 3.58 5.74 4.3 1.07 5.66 3.35 3.64 1.82 4.94 5.86 1.5 1.07 
Gaming 0.45 0.4 0.18 0.42 0.35 0.35 1.15 1.04 0.33 1.82 1.34 2.92 2.61 3.43 5.67 5.52 7.91 12.03 7.85 9.86 8.42 8.73 8.5 5.18 3.52 
Health 2.99 0.93 0.41 1.6 0.91 1.35 2.12 2.54 2.47 6.41 7.25 7.27 4.64 4.04 6.87 3.91 2.77 4.58 3.01 4.19 3.22 8.48 9.44 5.85 2.75 
How to 0.01 0.22 0.64 1.09 0.85 1.76 1.73 1.54 2.34 6.55 7.44 6.58 5.31 6.57 10.41 7.44 6.63 8.4 5.29 5.91 3.76 4.54 2.51 2 0.47 
Lifestyle 0.47 1.04 0.84 1.54 2.28 1.27 1.83 1.38 1.91 4.72 7.33 4.32 3.82 4.68 9.17 6.79 3.36 7.84 7.48 10.37 5.51 6.79 3.76 0.97 0.51 
News 0.35 0.37 0.64 2.19 3.05 4.29 4.12 3.39 3.07 8.86 8.86 8.51 4.28 3.41 5.38 5.38 2.86 3.85 4.01 5.38 4.45 8.25 2.84 1.26 0.94 
Non-profit 1.24 1.02 0.81 1.27 2.41 2.47 2.15 1.64 5.14 10 9.04 9.2 4.41 6.27 7.62 4.6 3.55 4.71 4.81 2.89 2.11 6.86 2.97 1.64 1.18 
Politics 1.86 0.76 0.86 1.39 0.34 0.91 0.94 1.14 1.21 3.31 3.55 5.64 3.44 4.71 4.83 5.04 3.36 6.62 4.53 6.89 3.38 10.77 9.97 10.28 4.28 
Science 0.85 1.11 1.11 0.84 0.58 0.67 1.14 1.35 1.52 5.34 4.34 5.33 5.46 5.17 6.75 3.83 2.62 3.77 3.09 2.84 2.5 5.97 12.52 12.99 8.34 
Sports 3.42 0.85 1.21 3.36 1.73 2.25 2.53 2.72 2.64 7.41 4.94 5.83 5.12 4.82 9.97 7.59 4.78 5.58 5.81 5.93 1.97 3.81 1.52 3.5 0.71 
Tech 1.39 0.86 0.79 0.97 1.26 1.93 3.2 1.84 2.02 6.46 7.93 5.99 5.89 4.14 8.66 6.34 5.14 5.31 3.74 5 2.56 5.43 3.1 6.26 3.81 
 
Views: Since all categories include some videos with less than 11 views, popularity is not a 
requirement for the API. Except for Animation and Best of, most videos provided by the API sample 
have less than 1 million views (Table 5.11). The API is also not returning a substantial number of the 
most popular videos, classing videos receiving more than 1 million views as popular (O’Neill, 2011; 
Cutler, 2009). 
There does not appear to be a pattern in the number of views that a video receives and the likelihood 
of the API including some bandings within a sample. The different bands of views have quite a variation 
in the percentages of videos and therefore suggests that the API does not focus on a view count range 
when selecting a sample. 
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Table 5.11. Daily Searches – Percentage of videos by view count. High values are green, mid-range values are 
yellow and low values are red. 
DS - Views 0 to 10 11 to 100 101 to 1000 1001 to 10000 10001 to 100000 100001 to 1000000 1000001+ 
Animation 5.3 4.8 7.4 12.4 22 27.5 20.6 
Automotive 18.3 17.1 39.6 20.8 4.1 0.1 0 
Beauty 3.3 4.2 17.4 17.3 28.2 26.6 3.1 
Best of 4.4 6.9 7 6.3 18.1 30.5 26.9 
Causes 11.5 10.4 28.9 26.3 17.7 4.7 0.5 
Comedy 2.6 2.2 5.1 17.1 46.2 24.9 2.1 
Cooking 8.7 6.6 14.9 23.2 28.1 15 3.4 
DIY 7.2 4 5.8 14.5 33.8 29 5.8 
Education 11.6 18.2 34.4 22.6 7.6 4.8 0.8 
Entertainment 11.9 12.1 15.5 18.3 22.6 15.7 3.9 
Fashion 13.4 4.6 18.4 25.6 26.5 10.4 1.1 
From TV 34.6 23.7 14.7 3.1 5 11.1 7.7 
Gaming 2.4 5.8 6.1 16.7 39.4 25.2 4.4 
Health 13 15.6 35.3 23.2 9.6 3 0.3 
How to 0.7 4 6.7 15.3 33.7 28.2 11.3 
Lifestyle 11.9 10.6 25.9 26.1 21.5 3.8 0.3 
News 0.4 3.5 15.7 31.2 38.5 10.1 0.7 
Non-profit 13.5 40.1 33.5 9.9 2.7 0.5 0 
Politics 14 11.3 28.9 27.8 12.9 4.5 0.6 
Science 13.9 7.1 22.1 23.9 19.6 9.5 4 
Sports 10.1 7.7 15.9 20.2 21.7 20.7 3.7 
Tech 12.8 7.7 25 23.9 19.2 9.9 1.5 
 
5.3 Five Day Search Results 
The Five Day Searches data set consists of the results of YouTube API queries for videos from 22 
categories submitted every 5 days over 95 days (20 samples). These largely echo the Daily Search 
patterns, with some exceptions. The key differences between search methods are discussed below 
(for a full discussion of the Five Day Search findings see Appendix 10). 
Comparing the Five Day (Table A.1 – Appendix 10) and Daily (Table 5.1) searches, there are slightly 
more repeats in the Five Day sample. This seems illogical as the rate of repeats decreased over time 
in the Daily sample, with fewer repeats after five days than after 1 (Table 5.2: percentages in the 1-2 
column are higher than percentages in the 1-5 column and there is a general decreasing trend, left to 
right). This suggests that there was a change in the way that the YouTube API selected the videos 
between submitting the Five Day (95 days, starting 29/12/15) and Daily searches (30 days, starting 
4/4/16). 
For News (see also: Table 5.2,) after 15 Daily Searches there were no further repeats with the first 
search. For Five Day Searches (Table A.2 – Appendix 10) repeats continued across all 20 searches (and 
period of 95 days). This invalidates the previous conclusion of a moratorium (15 days) on older News 
videos. Nevertheless, the News category has relatively few long-term repeats. There could have been 
a change in the way that API selects it sample between the periods that the Five Day and Daily Searches 
were submitted, or differences in the news cycle. 
The average number of likes and dislikes is higher with the Five Day searches (Table A.6 – Appendix 
10) than for the Daily searches (Table 5.4), which may be due to changes in the algorithm or the season 
of the year when the videos were viewed. 
Comparing the Five Day (Table A.11 – Appendix 10) and Daily (Table 5.9) metadata, there is a 
substantial difference in what the API has provided in the number of days that the videos that have 
been posted to YouTube. The Daily Search data (Table 5.9), apart from two categories, to suggest that 
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the API extracts few videos that have uploaded for more than 300 days. Whereas the Five Day Search 
data (Table A.11 – Appendix 10) shows a much wider spread of videos all the way up to the ‘3001+’ 
banding. In addition there is a substantially higher percentage of days for most categories within the 
‘501 to 1000’ band (Table A.11 – Appendix 10), where this was the ‘51 to 100’ banding for the Daily 
searches (Table 5.9). The Daily search data (Table 5.9), apart from 0.01% for Health and Non-profit, 
had 0% for all the other categories within the ‘1 to 10’ banding, but the Five Day data (Table A.11 – 
Appendix 10) provides a variety of percentages within this banding. As the differences across these 
two search approaches for number of days uploaded is clearly so substantial the way in which the API 
choses the videos to extract must have altered or there must have been a change to the algorithm 
that YouTube employs.  
When the Five Day data (Table A.12 – Appendix 10) is compared to the Daily findings (Table 5.10) there 
is a similar pattern in the spread of the percentage of videos within each length band across the 
categories. Nevertheless, the percentages are slightly lower in the shorter video length bands 
(approximately 0 to 90 bands) and slightly higher in the upper middle bands (241 to 900 bands). 
There is a narrower spread of view count percentages across the bandings (Table A.13 – Appendix 10) 
compared to Table 5.11 (Daily Searches). When compared to the Daily data (Table 5.11) the Five Day 
Searches (Table A.13) seem to provide more videos with a higher view count and less with a view 
count under 1000. There is a substantial difference between both sets of data (Table 5.11 and 5.24) 
either suggesting that that there has been a change in the way that the API chooses the videos, that 
doing the searches over a longer period provides a different set of data or that it is random. 
5.4 Summary of Main API Data Patterns 
The following summarises the findings of the YouTube API in relation to RQ1.  
Consecutive Daily Search results from a YouTube API category differ in the degree of overlap 
between consecutive search results over time and between categories. The number of repeated 
videos does not follow an obvious pattern. There is also no time synchronisation because when the 
number of repeated videos increases for one category it does not necessary happen for the other 
categories. The number of repeats for each of the categories changes daily, suggesting that there are 
variations either in the API sampling strategy or the underlying data (e.g., new YouTube videos). The 
level of unpredictability is surprising because, for example, it would be reasonable to expect a similar 
and high degree of overlap between search results if the API returned the most popular videos and a 
selection of newer videos with fast increasing popularity.  
The From TV category has strong fluctuations in the videos that are repeated. This could be related to 
traditional broadcast TV schedules. It was not possible to determine whether this is the reason for 
these fluctuations, however. 
Comparing subsequent searches to the initial search, the API sample changes substantially across 
the categories over time. The total number of changes for the Daily Searches compared to the initial 
search differs between categories. In some categories the percentage of repeats reduces considerably 
more than others. In some categories the percentage of repeats is much higher than others compared 
to the initial search. In addition, there is a substantial difference in the News sample compared to the 
other categories. This could be due to the relevance of news videos changing more rapidly than other 
categories (e.g. due to current affairs or global events). 
Frequently repeated videos do not dominate the Daily Search results. Two categories have a slightly 
higher number of videos that are repeated 1 to 3 times across the 30 searches, but the search results 
are not dominated by a small number of frequently repeated videos. News has no videos repeated 
more than 15 times, underlining the uniqueness of this category. 
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The metric averages (comments, likes, dislikes) for videos repeated in every search differ 
substantially between categories. This shows that the videos that are repeated across all searches 
are not chosen based on being substantially high or low in relation to a metric value. Nevertheless, as 
the YouTube API algorithm may vary between categories, there may be category-specific minimum 
metric values to give a video a higher chance of being selected and repeated. Moreover, since videos 
repeated daily are in a minority, it seems unlikely that the YouTube API selects videos solely based on 
a systematic non-random process. 
The metric averages (comments, likes, dislikes) for non-repeated videos differ substantially between 
categories. This again suggests that these videos are not selected from a universal threshold. 
Nevertheless, the metric averages for each of the categories are lower for non-repeated videos than 
for the videos that were selected by every search. Thus, either the metrics play some role in selecting 
videos, the videos attract higher metrics through being more frequently selected, or another factor 
(e.g., publication by a successful YouTube channel) makes a video more likely to be both repeatedly 
selected by the YouTube API and more likely to be popular.  
The videos in the YouTube API search sample are usually 11-200 days old. The algorithm therefore 
does not focus on new videos, which might be expected. Except for two categories (which had results 
of 0.1% each) the API did not select any videos younger than 11 days old. It is possible that there is a 
ten day indexing delay between creating a video and it entering the YouTube API. It also selected few 
videos aged over 200 days and only for a few categories. The only category that provided a wider 
spread of video ages was From TV. The YouTube API might therefore take a different approach for 
From TV videos. It might only choose videos within an age band for some categories or this may only 
be a side-effect of its selection algorithm. 
There are substantial average video length differences between categories. This suggests that the 
search results are not determined video length. Comedy had a substantially higher proportion of 
longer videos, however. This could be due to Comedy videos tending to be longer or the algorithm 
selecting longer videos for this category. 
The average views of the videos differ substantially between categories. The API therefore does not 
appear to focus on videos with a certain view count withaverage views naturally varying between 
categories for all YouTube videos (Arthurs et al., 2018). 
The Daily Search data reflects a single time period and the YouTube algorithm may have changed over 
time. Moreover, its algorithm may not also apply to other YouTube searches, such as keyword queries. 
Nevertheless, for the category searches reported over 30 days the YouTube API is not dominated by 
any of the factors or metrics collected (e.g. likes, dislikes, comments, video length, or view count). 
Nevertheless, since videos that were repeated within every search had higher metric averages than 
non-repeated videos, it is possible that the factors play some role. For example, a proportion of videos 
might be selected by a method employing category-specific metric thresholds and the remainder 
might be selected at random or by a different mechanism. This proportion may vary between 
categories. 
5.5 Conclusions about the YouTube Category Search API (RQ1) 
The following observations demonstrate conclusively that the sample returned by YouTube API 
category results is not a random selection of all category videos and therefore cannot be used by 
researchers as a random (probabilistic) sample. YouTube API category searches: 
 Rarely return just created videos: few are under 11 days old. 
 Rarely return videos over a year old. 
 Return the same videos in subsequent searches too often to be accounted for by chance. 
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YouTube API category searches also do not give a random (probabilistic) sample of new videos 
because the results include some older videos. The fact that it is not a random sample of these two 
types (all videos or new videos) is an important limitation for those using it to investigate YouTube 
and for the next chapter of this thesis. 
Since the YouTube API category searches are not random, the next logical issue is to understand the 
factors that influence the selection of videos. It is also not a simple algorithm based on thresholds in 
any of the parameters reported above (e.g., a random sample of videos with 10000 likes). 
Nevertheless, the parameters can be deduced to some extent, although some speculation is needed 
because some properties are consistent with either (a) the number of new videos to choose from in a 
category or (b) YouTube algorithmically trying to select videos that users might enjoy. YouTube API 
category searches results are influenced by: 
 Video age: Most videos are under a year old but almost all are over 10 days old. 
 Video popularity: There are too many popular videos to be accounted for by random 
selection, so popular videos are more likely to be selected. Nevertheless, the results include 
unpopular videos (less than ten views, no likes, no comments) so popularity is not a 
requirement. YouTube’s overall most popular videos are also largely absent, so extreme 
popularity is insufficient for inclusion. The algorithm either selects a proportion of videos at 
random (e.g., to give a mix of popular and new videos) or this is a side-effect of its algorithm. 
 The previous day’s category search results: There are far more repeats than could be due to 
chance. The percentage of repeats changed between the Five-day and Daily searches, 
suggesting an algorithmic change or a change in videos or watching habits (assuming these 
are inputs to the algorithm). 
 The nature of the category: YouTube API category searches work substantially differently for 
the News and From TV categories, especially in terms of repeats, either due to the nature of 
the content uploaded or variation in the algorithm or parameters between categories. Human 
intervention or selection is also a possibility. 
Combining the results, the algorithm is neither random nor focused only on popular videos. Instead it 
may have a mixed strategy, selecting videos partly based on popularity and partly at random, but 
always taking age, the nature of the category, and the previous day’s results into account.  
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6 YouTube API Category Search Video Properties 
Chapters 6 and 7 analyse the videos returned by the searches combined into one large set for each 
category, addressing RQ2, RQ3 and RQ4. Whilst the previous chapter demonstrates that the API 
sample is not random, it also shows that it contains videos with a wide variety of metric scores so it is 
neither dominated by new nor by highly popular videos. Although it is a convenience sample and its 
videos are not representative of YouTube as a whole – because of the almost complete omission of 
videos over 200 days old for the data collected from the Daily Searches and the oversampling of 
popular videos – it can illustrate the nature of videos in the categories. This is relevant because the 
category search results are part of the YouTube user experience and because differences between 
categories may give insights into wider differences within YouTube. Thus, the results provide some, 
but not conclusive, evidence about videos in the categories. Chapters 6 and 7 discuss the YouTube 
category search results at face value, and the above sampling limitations are returned to in the 
conclusions.  
Except for From TV (13,183), there are at least 23,000 videos in each category for analysis (Figure 6.1). 
The Non-profit, Causes, Automotive, Lifestyle and Politics categories have the fewest non-repeated 
videos (Figures 6.1 and 6.2). This might be due to the way that the YouTube API category search 
algorithm works but it seems more likely that there are fewer of these type of videos within YouTube.  
  
Figures 6.1, 6.2. The total number of videos with information extracted from YouTube with and without 
repeats, and the percentage of videos without repeats for each category. 
6.1 Video Age (Days) 
There are substantial differences between categories in the average age of videos, with From TV 
videos being over seven times older than News videos (Figure 6.3). From TV videos may last longer 
because they contain high quality professional content. As a result, YouTube in this case is probably 
being used as a form of video repository. YouTube is therefore meeting the needs of those who have 
grown up within an instant access culture and are the ‘on demand’ generation of video watchers. 
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News and Gaming have newer videos,  this will be due to the nature of these topics and the need  for 
them to be updated regularly to ensure viewers continue to access the content of these topics (Figure 
6.3) (Lin et al., 2019; Arthurs et al., 2018; May, 2018; Zeiler, 2018). News and current affairs videos 
will be uploaded throughout each day to reflect the new issues presented by the global media (Al-
Rawi, 2019). As a result, the relevance of typical news-related videos quickly diminishes and further 
views become less likely. Similarly, due to video games being released and updated regularly, videos 
relating to these will also be uploaded regularly and can become obsolete quickly (Lin et al., 2019; 
May, 2018; Zeiler, 2018). This may explain why News and Gaming have a higher turnover of videos 
than the other categories and fewer older videos. 
Categories which have content that is changing or needs updating more regularly will have fewer old 
videos. Popular categories may also have a higher turnover and therefore additional newer videos but 
this is not reflected in the data since these categories are not dominated by unusually young videos 
(Figure 6.3). Categories with older videos will probably have content that needs less updating and 
these may have more repeated viewing value and appeal. 
There is a substantial difference between ages of How-to and DIY videos (Figure 6.3). Since these are 
relatively similar categories the DIY videos may have more up-to-date content. DIY videos might relate 
to more contemporary methods and techniques, and ways of fixing items around the home which 
might need more updating as technologies and styles change and develop. How-to videos might 
instead relate more to skills, techniques and topics that need less updating such as drawing, sewing 
or knitting. Cooking also has a high average number of older videos, which could be due to people 
repeatedly viewing a favourite recipe or cooking technique. As a result, there is probably less need for 
new cooking videos. 
 
Figure 6.3. The average video age (days posted to YouTube) by category. 
Most of the videos across the categories within the sample had been posted to YouTube for between 
1 to 180 days (Figure 6.4). From TV has a greater spread of percentages across the bands of days, 
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suggesting that less of these types of video are posted regularly and may reflect when programmes 
are broadcast by more traditional means. This category has a higher proportion of older videos that 
are probably high-quality professional content which individuals are accessing on an on demand basis 
(Zannettou et al., 2018). 
News has the highest percentage (87%) of videos aged 1 to 60-days, which would be due to the 
changing nature of the news (Figure 6.4) (Al-Rawi, 2019). This could also be the case for Politics, Tech, 
Fashion and Gaming as 69-70% of the videos within the sample for these categories are within the 1 
to 60-day banding and again could reflect the changing nature of these topics. 
Approximately 60% of the Non-profit videos have been posted for more than 60 days which suggests 
a lack of regular uploads or turnover in the content or material within this category (Figure 6.4). In 
How-to, 50% of the videos within this category have been available for more than 60 days, again 
suggesting a long shelf-life for useful videos (Figure 6.4). 
Overall, the categories that have a higher proportion of more recent videos might be those where the 
content needs to be more up-to-date. It also suggests that these categories are more popular and 
therefore there is a need for new content regularly. Videos that have been uploaded more recently 
are more popular. In those categories with a higher proportion of older videos, it seems that this 
content does not need updating regularly, that it does not need to be new or contemporary, or that 
there is just less activity from viewers in relation to these types of video. 
 
Figure 6.4. The percentage of days within bands that the videos within the sample had been posted on 
YouTube. 
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6.2 Views 
There are substantial differences in the average popularity of videos between categories, however 
this is measured. Both average daily and total views are reported, although neither is a perfect 
measure of popularity (Figures 6.5, 6.6 and 6.7). Total views favour older videos that have had longer 
to attract viewers than younger videos. In contrast, average daily views favour newer videos, assuming 
that a video attracts most of its viewers when relatively young. 
From TV videos are viewed most (Figure 6.5), by people using YouTube as an on-demand forum for 
traditional TV content (Zannettou et al., 2018). This confirms the popularity of the From TV category. 
From TV has the highest proportion of older videos (Figure 6.3) and has an unfair advantage for total 
views because its videos have had longer to accumulate views, but its videos also attract the most 
views per day. Best of (unsurprisingly), Animation and How-to also have a relatively high number of 
average overall views and views per day (Figures 6.5 and 6.6). 
Gaming, News and DIY have relatively more daily views than total views (Figure 6.6). As previously 
suggested, Gaming and News content tends to change regularly. These videos may be popular for a 
short period, becoming out of date quickly (Figure 6.3). DIY videos may be accessed daily but become 
out of date quickly in the advice and support they offer, especially if offering season-related advice 
(e.g., gardening, winter protection). It is also clear that there is a higher turnover of newer videos, 
again suggesting that content becomes out of date relatively quickly (Figure 6.3). The Entertainment 
category has a much higher average daily watch placement than overall views, suggesting that these 
videos are watched more when they are newer, but have less long term appeal. Although Cooking has 
many views it has a few daily views – this suggests that these videos are popular but are probably 
revisited over longer periods of time (Figures 6.5 and 6.6). This is also supported by Cooking having 
more older videos (Figure 6.3). 
Non-profit, Automotive, Causes, Politics, Health, Lifestyle and Education have lower numbers of 
average overall and daily views (Figures 6.5 and 6.6). These seven categories are also the lowest in 
emotional connection, interaction and engagement considering the dislike and like metrics (Table A.14 
– Appendix 11). Automotive and Non-profit are particularly low both in overall and daily views (Figures 
6.5 and 6.6) and dislikes and likes (Table A.14 – Appendix 11). 
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Figures 6.5, 6.6. The average views and views per day for each category, in the same order. 
 
Figure 6.7. The percentage of views within bands that the videos within the sample have received. 
6.3 Dislikes and Likes 
There are substantial differences between categories in the number of likes and dislikes per video, 
the number per view and the ratio of likes to dislikes (Figures 6.8, 6.9 and 6.10, and Table A.14 – 
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Appendix 11). The number of likes and dislikes for a video is partly due to the number of viewers and 
partly due to the reactions of viewers and so the ratio of likes to dislikes is the most informative about 
the attitude of viewers towards a video. Videos receive considerably more average and likes per view 
than dislikes across all the categories, suggesting that viewers are more likely to respond to a video 
when it has a positive impact on them (Figures 6.8 and Table A.14 – Appendix 11).  
From TV, Best of, How-to, Beauty and Animation receive the most dislikes (Table A.14 – Appendix 11). 
This suggests a greater level of connection with these videos to trigger this response. The level of 
dislikes and dislikes per view that some categories receive, for example Gaming, DIY and Beauty, could 
be a comment on poor quality of advice, support or usefulness they provide. The wording of the Best 
of category description in YouTube suggests a higher standard of video, either in content or production 
quality. People may be using the rating system to show that they disagree with the video being classed 
as Best of. There is a high level of average overall dislikes for From TV which could firstly relate to the 
production quality of the video as viewers have probably accessed these videos due to already liking, 
or being a fan of, the content (Table A.14 – Appendix 11). In addition, the level of dislikes for the From 
TV category could also relate to the accuracy of the video title, description or thumbnail picture. It is 
less likely that viewers will be rating the content of the video as these will be copies taken from 
traditional sources. 
How-to, Best of, DIY, From TV, Animation, Gaming and Beauty receive the most likes (Table A.14 – 
Appendix 11). DIY receives a substantially high average number of likes per view showing that these 
videos generate a high level of response from viewers. In addition the categories Gaming and How-to 
also have high levels of average likes per view (Figure 6.8). This suggests that viewers have more 
positive interaction and connections with the videos within these three categories in relation to: 
 Their enjoyment of the content 
 The quality of the video production 
 How useful it was 
 How accurate it was in the title and thumbnail 
 The level of positive emotion it generated 
Automotive, and Education receive the lowest average number of overall dislikes and likes, and 
dislikes and likes per view (Figures 6.8 and Table A.14 – Appendix 11). This suggests that there is less 
interest in these categories of video or that viewers of these categories are more passive in their 
watching habits. 
Comedy and associated themes are consistently established as being popular and based on the type 
of content and material in these types of videos it seems strange that this category does not generate 
more substantial levels of either positive or negative emotion, interaction and connection.  
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Figure 6.8. The average number of dislikes and likes per view for each of the categories. 
All categories receive substantially more likes than dislikes (Figure 6.9). The two categories that 
receive the highest ratio of likes to dislike are DIY and Gaming, but these are not the most popular 
videos based on views or views per day (Figures 6.5 and 6.6). Tech and Health are also categories that 
are not particularly popular based on views but also receive a higher ratio of likes to dislike (Figure 
6.9). Considering the ratio of likes to dislike has had a particular impact in terms of the positivity rating 
of Causes, which is now the lowest in the graph (Figure 6.9) Therefore, this data suggests that it is not 
necessarily those video that are watched more frequently that get the higher ratio of likes to dislike.  
It also shows that just because videos are watched to a greater extent does not mean that they will 
be rated. Categories that provide support, help and guidance get the highest like ratio, which could 
represent appreciation for the creator, an acknowledgement of usefulness or to help other searching 
for the same thing (Figure 6.9). Categories that are more subject-based receive the lower ratios of 
likes to dislike. This could be because some these types of video are more entertainment-based and 
do not necessarily lend themselves to being rated. Overall, liking and disliking videos seems to be a 
statement of usefulness rather than entertainment. 
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Figure 6.9. The average likes per dislike for each of the categories. 
Automotive and Non-profit clearly receive a low percentage of dislikes, with 85% of both these 
categories receiving no dislikes at all and have no videos with more than 100 dislikes (Figure 6.10). 
This suggests that the videos: 
 Content is exactly what the viewers were expecting and reflects the title and thumbnail 
 Are of an expected quality in how they have been produced 
 Content does not establish a connection with or invoke an emotional response that would 
encourage someone to click the dislike icon 
 Have a low level of interaction 
This could also relate to Education, Causes and Health which also have a high percentage of videos 
within the no dislikes banding (Figure 6.10). 
The categories receive fewer dislikes with most being between 1 and 100 (Figure 6.10). The main 
categories that seem to have a more substantial number of dislikes, within the 11 to 100 banding, are: 
 Comedy: this could be a statement relating to the content of the videos with the viewer 
confirming whether they found it funny or that they were offended by some of the material 
used; 
 DIY: which could relate to the usefulness or accuracy of the information, advice, support or 
demonstrations provided; 
 Gaming: these videos may contain advice and support relating to playing computer or video 
games and might be a negative statement highlighting the poor quality or inaccuracy of the 
information provided; 
 How-to: again this might be a statement relating to the quality and accuracy of the 
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 News: this suggests a negative emotional reaction to the content of the news story being 
covered or the perspective presented in these videos. 
How-to, News, Gaming, Comedy and Best of have the lowest average percentage of videos with no 
dislikes, with 26% or less, which suggests that these videos invoke a greater level of negative 
emotional connection (Figure 6.10). How-to, Best of, Animation, Gaming and DIY have the highest 
percentage of videos that get the most dislikes over 101. This suggests a greater level of connection 
with these videos, even though it is negative. The content of some videos may not encourage viewers 
to rate them, so it is difficult to suggest that these categories are less popular based on this metric 
alone. 
 
Figure 6.10. The percentage of dislikes within bands that the videos within the sample have received.  
Automotive, Causes, Non-profit, Politics, Health and Education have a substantial percentage of videos 
that have received no likes suggesting a lack of positive engagement or ambivalence from viewers 
(Figure 6.11). The lack of likes could show categories that are less popular with viewers, however, this 
is difficult to determine from this data. It could just be the case that the type of content in these videos 
does not require a response or rating from viewers. Whereas How-to, Gaming, News and Comedy 
have a low percentage of videos with no likes showing a greater level of engagement and connection 
from people and also suggests that these categories are more popular with users (Figure 6.11). 
The categories How-to, DIY, Best of, Gaming and Beauty have a highest percentage of likes within the 
2000+ banding (Figure 6.11), suggesting a high level of positive engagement and connection with these 
type of videos. Considering How-to, DIY, Beauty and, to some extent, Gaming it could be that viewers 
are positively rating the advice, support and information contained within these videos and how useful 
it is. It might be that they want to provide recommendations to other users and as a result could have 
the potential to increase the popularity of these videos. The category Best of, as explained previously, 
suggests quality in the content and viewers may be reinforcing this by positively rating it (Figure 6.11). 
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If other users, through the rating system, feel that these videos and their content are of high quality 
then they are more likely to watch. Poor quality videos, in content and production, can have a negative 
impact in relation to users choosing to watch or recommend them. 
How-to has a particularly high percentage of likes within the 2000+ band which suggest a substantial 
level of positive engagement and also suggests, in likes, that this category is particularly popular 
(Figure 6.11). Videos that receive more likes stand a greater chance of being selected by YouTube’s 
various recommendation facilities and system, as a result might be given greater prominence on the 
website and therefore are viewed more regularly and gain popularity. 
Overall, there is a higher percentage of likes than dislikes suggesting that people are more likely to 
rate videos when they have had a positive watching experience (Figures 6.10 and 6.11). 
 
Figure 6.11. The percentage of likes within bands that the videos within the sample have received.  
6.4 Comments 
There are substantial differences between categories in the number of comments per view. Taking 
the time to write a comment relating to a video, or responding to comments, takes more effort than 
clicking the dislike or like button, and therefore demonstrates a stronger level of emotional 
connection, interaction or engagement. Comments can also be used as a means of interacting or 
connecting with other people who have responded to the video and its content, as these discussions 
develop it is possible that they will no longer relate to the original topic and become more social in 
nature. Although the comments may initially relate to what has been watched in the video they could 
evolve into other topics of discussion or social interaction. It is also possible that comments can be 
quite controversial, angry, antagonistic, personal, aggressive, anti-social or abusive in nature and can 
lead to arguments or inappropriate interactions that can sometimes move away from the video’s 
content or material. 
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Differences in average comments that each of the categories receive partly reflects the popularity of 
these different types of video and also the likelihood of viewers commenting (Figure 6.12). 
Nevertheless, due to the differences in terms of the views and daily views of each of the categories 
(Figures 6.5 and 6.6) it is difficult to draw conclusions from the average comment data alone (Figure 
6.12). Comments per view provide a clearer picture in terms of categories that viewers interact with 
(Figure 6.13). The categories with the highest amount of average comments per view are DIY, Non-
profit, Gaming, Politics and Causes which suggests that viewers are more likely to interact with and 
discuss the content within these types of videos. DIY and Gaming both have a lot of average comments 
and also has a substantially high level of comments per views, showing that these types of video garner 
substantial interaction from viewers (Figure 6.13). Although From TV has the greatest amount of 
overall average comments (Figure 6.12), it has a considerably low number of average comments per 
view (Figure 6.13). This suggests that viewers are interacting to lesser extent with these types of video 
based on the number of views. As previously demonstrated From TV has the highest number of 
average views and views per day (Figures 6.5 and 6.6) therefore although substantial levels of viewers 
are watching these types of video the content does not encourage users to make substantial levels of 
comments and discussion. This further supports the idea that YouTube is being used more as a free 
on demand service to access traditional TV content rather than user produced videos. How to and 
Best of also have high levels of average comments, but again receive a sustainably lower number of 
comments per view. It could be due to the high levels of views and daily views that some of these 
categories receive (Figure 6.5 and 6.6) that has had a huge impact on the comments per view that 
they receive, however, it does suggest that viewers are less likely to interact with these types of video. 
Non-profit has a low number of average comments (and average and daily views – Figures 6.5 and 
6.6), but has a high number of comments per view, suggesting that although watched less than some 
other categories it generates more discussion from viewers. There are several further categories, 
Automotive, Causes, Politics, Health, Lifestyle and Education, that have substantially low numbers of 
average views and daily views (Figures 6.5 and 6.6) but have substantially higher levels of comments 
per view (Figure 6.13). This also suggests that although these types of video are not watched much by 
viewers they do provide content that users want to interactive with, comment on and discuss. Overall, 
categories that are viewed more regularly do not necessarily garner more user interactions. 
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Figures 6.12, 6.13. The average number of comments and comments per view for each of the categories. 
 
Figure 6.14. The percentage of comments within bands that the videos within the sample have received. 
6.5 Length 
There are substantial differences in the average lengths of videos across the categories with these 
ranging from 5 minutes to 54 minutes (Figure 6.15). The categories that have the longest average 
videos are Comedy (54 mins), Science (46 mins), Best of (41 mins), Animation (37 mins) and Gaming 
(26 mins) (Figure 6.15). The categories that have the shortest average videos are Automotive (5 mins), 
DIY (6 mins), Fashion (8 mins), Cooking (9 mins) and Lifestyle (9 mins). Comedy videos are on average 
the longest with an average length of 54 minutes which could relate to the length of stand-up comedy 
shows, either for the whole show or approximately 1 hour either side of the interval. 
Videos that focus on providing advice, support, help, demonstrations of skills, techniques or methods, 
or DIY type activities might be shorter so that they are easier for someone to access, follow and digest. 
Videos that are accessed for more entertainment-based purposes might be longer. Nevertheless, most 
traditional TV programmes are generally either 25 to 30 minutes, 40 to 45 minutes or 60 minutes in 
length, but this does not match with the average length of From TV and Entertainment videos. Video 
length will be analysed further where the data has been banded to provide a clearer picture for each 
category (Figure 6.16).  When compared to the view count data, there is not a trend for the average 
length of videos in a category to associate with the average number of views for that category (Figures 
6.5 and 6.6). 
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Figure 6.15. The average length of video (minutes) for each of the categories. 
Entertainment, From TV and Sport have 1% of videos that have no length, therefore these must be 
just a picture, probably being used as an advertisement, rather than any playable content (Figure 
6.16).  Most of the videos across the categories have their highest percentage of videos in the 1 to 5 
minute (61 to 300 seconds) banding which suggests the following: 
 That users prefer producing videos within these lengths or that they feel this is the length of 
video watchers prefer; 
 That this banding is the most popular length of video with users; 
 Most video content happens to fit into this length of time. 
The exceptions to this are the categories Comedy, Best of, Science and Gaming. With Comedy (42%), 
Best of (29%) and Science (27%) all the have their highest percentage of video length within the over 
1-hour band and Gaming (28%) being in the 5 to 10-minute band (Figure 6.16). This suggests that those 
producing videos within the Comedy, Best of and Science categories are more focused on the content 
rather than the shorter runtimes which are generally considered to be more popular. The possible 
advice-based nature of Gaming content could support the finding that videos of an educational nature 
should be under 15 minutes to have an impact. News, Lifestyle, How-to, Fashion, Cooking and 
Automotive only have 2% of their videos that are an hour or longer (Figure 6.16) and this is probably 
due to the nature of these videos: 
 News – may be done in small reports either covering one story or just the key headlines 
 Lifestyle and How-to – shorter videos of information, instruction and advice 
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 Cooking – length of the recipe being demonstrated 
 Automotive – short advertisements, reviews or car related How-to videos 
DIY does not have any videos that are an hour or more in length which could also relate to the content 
within these types of video (Figure 6.16). People probably do not want to watch advice or instructional 
videos that are too long and supports the finding that these types of video should ideally be 15 minutes 
or less. To support this further 77% of DIY videos are within the 1 to 10-minute bands (Figure 6.16).  
Any DIY videos that are longer in nature are probably broken up into easier to digest chunks and 
presented in several parts. Automotive, Fashion, Sport, Causes and Health have the highest 
percentage of shortest videos falling within the 1 second and 60 second bandings. These could be 
short advertisement or information videos for each of these categories. 
 
Figure 6.16. The percentage of videos within each category that fall into the different length bandings. 
6.6 Summary 
The following summarises the key findings about the YouTube category search videos extracted from 
their metadata in relation to RQ2, RQ3 and RQ4. 
 There are substantial differences in the average ages of videos between categories. For 
example, From TV videos are over 7 times older than News videos. In general, categories with 
videos that may have longer term value tend to return older videos. This seems to be primarily 
due to the retention of relatively old videos by the category search because all categories 
return reasonably similar proportions of younger videos. 
 There are substantial differences in the average popularity (views) of videos between 
categories. For example, the average popularity of From TV videos is many orders of 
magnitude higher than that of Non-profit videos. Whilst entertainment videos seem to be the 
most popular, on average, informational videos (How To, Beauty, Cooking) are moderately 
popular. Political videos (politics, causes) are perhaps surprisingly unpopular overall. 
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 There are substantial differences between categories in the number of likes and dislikes per 
video, the number per view and the ratio of likes to dislikes. For example, DIY gets 7 times 
as many likes per view as From TV. Relatively high levels of likes suggests more active use of 
the videos, rather than passive entertainment. For dislikes, the ratios are much smaller, with 
Causes getting twice as many dislikes per view as From TV. The ratio of likes to dislikes varies 
more substantially, with DIY attracting five times more likes per dislike than Causes. A high 
number of dislikes or a high ratio of dislikes to likes suggests a controversial topic or one with 
varied opinions in society. The converse suggests a useful topic (Rubenking, 2019; Feitosa and 
Botelho, 2017). 
 There are substantial differences between categories in the number of comments per view. 
For example, DIY videos receive seven times as many comments per view as Best Of. Helpful 
videos seem to generate the most comments and passive entertainment the least.  
Controversial topics (e.g., Non-profit, Causes) seem to generate many comments, due to 
discussions (Hussain et al., 2018; Shapiro and Park, 2018). 
 There are substantial differences in the average lengths of videos between categories. For 
example, Comedy videos average about an hour but automotive typically last for 5 minutes. 
It is not clear whether the algorithm selects videos differently by length between categories, 
or if different lengths are most popular within different categories. 
From these results the category search videos differ greatly in all respects in average properties 
between categories. Except for the length results, the differences seem logical in terms of reflecting 
the different types of video in a plausible way. The length results, in contrast, suggest that the 
algorithm selects directly or indirectly for length differently between categories.  
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7 Factors associating with YouTube Video Popularity 
This short chapter addresses RQ5: How does the length, like count, dislike count and comment count 
of a YouTube video relate to its popularity? 
7.1 Factors Correlating with View Counts (age bands) 
The popularity (views) of videos significantly and positively correlates with likes, dislikes, and 
comments but not length across all categories, even when comparing similar-aged videos (Table 7.1). 
The lack of a correlation between view counts and length is surprising, given the previous research 
suggesting a preferred video length and the possibility that specific lengths would be most popular in 
some categories (e.g., long comedy videos in Entertainment and short pop videos in music). It seems 
logical that the more a video is watched, the more dislikes, likes, or comments it would receive, so 
these positive correlations are expected. 
Relatively strong positive correlations between view counts and the three interaction metrics (likes, 
dislikes, comments) suggests that there are few category differences in the rate at which people 
interact with videos from a category. 
High correlations between likes/dislikes/comments and view counts 
 Animation, From TV – The high correlations suggest that few animations or TV shows are 
niche (loved by small audiences) or overrated (widely viewed by an unappreciative audience). 
 Best of – Since this is a multi-genre category, the uniform relationship between popularity and 
the interaction metrics suggest a degree of uniformity in selection. Thus, this category 
probably does not include many examples of videos from low correlation categories.  
 How-to and DIY – Home help videos are viewed to the extent that they are useful (Rubenking, 
2019; Feitosa and Botelho, 2017) and serve popular tasks. The high correlation suggests the 
absence of genre-crossing videos in this category, for example, such as comedy DIY videos or 
non-profit DIY videos (e.g., for recycling). 
Relatively weak positive correlations between view counts and the interaction metrics suggests that 
people interact at different rates with some videos than others within the category. 
Low correlations between likes/dislikes/comments and view counts 
 Non-profit – Videos from high profile organisations (e.g., Greenpeace) might attract casual 
viewers that do not interact or trolls that interact disruptively (comments, dislikes). In 
contrast, viewers of the outputs of smaller, more personal, non-profits might feel more 
induced to interact with them, particularly through likes and comments. 
 Automotive – This category may contains multiple genres of videos that attract different types 
and rates of interaction. For example, fast car videos might attract relatively strong 
interactions whereas sales videos might generate little activity. 
 Education – The rate at which people interact with an educational video might depend on 
whether it is from a professional educational channel that encourages viewer interactions or 
amateur. 
Differences in the strength of correlations between view counts and the interaction metrics suggests 
that the videos are liked, disliked, or comment on at different rates within the category. 
Strength differences in correlations between likes/dislikes/comments and view counts 
 Comedy – Some Comedy videos were liked and commented on at lower/higher rates than 
other Comedy videos, even though they are all disliked at similar rates. No plausible reason 
for this could be conceived. 
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 Gaming – Some Gaming videos were disliked and commented on at lower/higher rates than 
other Gaming videos, even though they are all liked at similar rates. Gaming videos might 
occasionally be controversial, for example provoking discussion if a player exhibits anti-social 
behaviour in a co-operative team game. 
 Tech – Some Tech videos were disliked at lower/higher rates than other Tech videos, even 
though they are all liked at similar rates. Some videos may have been controversial (watched 
but disliked), such as product announcements for competing technologies. 
Table 7.1. The average Spearman correlations between each YouTube metric and view counts, by category. 
Videos are split into age bands with 50+ videos per band before the calculations to reduce the influence of 
video age. The reported correlations are the cross-band averages (see Methods). High values are green, mid-
range values are yellow and low values are red. 
Category Dislikes  Likes Comments Length 
Animation 0.906** 0.894** 0.786** 0.085 
Automotive 0.539** 0.739** 0.529** 0.198 
Beauty 0.840** 0.804** 0.741** -0.093 
Best of 0.909** 0.897** 0.818** -0.001 
Causes 0.732** 0.822** 0.689** 0.025 
Comedy 0.885** 0.803** 0.701** 0.059 
Cooking 0.827** 0.803** 0.747** -0.119 
DIY 0.870** 0.865** 0.831** 0.137 
Education 0.677** 0.774** 0.679** -0.050 
Entertainment 0.842** 0.878** 0.769** 0.062 
Fashion 0.849** 0.849** 0.790** 0.054 
From TV 0.876** 0.897** 0.870** 0.069 
Gaming 0.822** 0.875** 0.726** -0.107 
Health 0.769** 0.845** 0.697** -0.025 
How-to 0.888** 0.883** 0.795** -0.132 
Lifestyle 0.777** 0.820** 0.733** 0.053 
News 0.841** 0.822** 0.722** -0.115 
Non-profit 0.504** 0.731** 0.554** 0.202 
Politics 0.768** 0.837** 0.724** -0.153 
Science 0.845** 0.867** 0.800** -0.243 
Sports 0.854** 0.860** 0.794** -0.064 
Tech 0.822** 0.862** 0.762** -0.057 
* 0.05 (5%) Significance - +/- 0.279 for n=50 
** 0.01 (1%) Significance - +/- 0.363 for n=50 
 
7.2  Factors Correlating Directly with View Counts  
In general, the more views a video attracts, the less likely it is that each viewer likes, dislikes or 
comments on the video, as evidenced by negative correlations between view counts and like, dislike 
and comments per view (Figure 7.1). Thus, although videos with more viewers get substantially more 
interactions (Table 7.1), each individual view is less likely to lead to a like, dislike or comment for more 
popular videos (Figure 7.1). This is the opposite from that to be expected if viewers were encouraged 
by the number of comments, likes or dislikes to view a video. A possible explanation for the negative 
correlation tendency is that individual likes and dislikes are less influential in larger numbers. Whilst 
the first few likes might make a noticeable difference to the popularity of a video, a video with over a 
thousand likes already would not benefit much from one more (and it might not even be visible in the 
rounded score), which may discourage users. The position for comments might be different but with 
the same result because if there are more comments than shown in the video page without requesting 
more, then it is more difficult to check for relevant previous comments or to engage in dialog with 
other commenters. 
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There are some exceptions to the negative correlations. The category Animation represents what 
might be expected from virality or intuitive logic about influence. Animations with high likes per view 
or high comments per view are more popular, whereas animations with few dislikes per view are less 
popular. Thus, it is possible that Animation viewers are influenced by audience reactions. 
Ignoring values where the error bars cross the x-axis, three other fields have statistically significant 
positive correlations. Dislikes associate with high view counts for Non-profit and Automotive. The 
positive correlations from Automotive might have been due to a proportion of dissatisfied viewers 
trying advice and leading to bad results. For example, one of the highest ratios of dislikes per view was 
for, “Easy Way to Remove Automotive Window Tint”, which seems likely to be something that could 
lead to disaster if performed incorrectly. For non-profit, people might dislike a video for covering 
unpleasant topics (even with good motives). One of the highest dislike ratios was for a video about 
children in pain, “Whole Child LA - Our Favorite Non-Profit!”. 
For News, both likes and comments per view have a small but statistically significant positive 
correlation with total views. The magnitude of the correlations are too small to be informative, 
however. 
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Figure 7.1. Spearman correlations between each YouTube metric and view counts, by category with 95% 
confidence intervals. Qualification: at least 500 views; only the middle 50% of videos are included, ranked by 
metric ratio, to eliminate outliers. 
7.3 Summary 
Although video length does not seem to influence popularity in any category, there is a tendency in 
all categories for more viewed videos to be more liked, more disliked and more commented on. This 
is unsurprising given that each visitor may do one of these three things and, other factors being equal, 
the more visitors the more likely each one is to occur. Nevertheless, the weaker relationship in some 
categories points to heterogeneity in video reception within them. Overall, however, the more 
popular a video is, the less likely each viewer is to like, dislike or comment on it, so videos seem to 
have decreasing interactions as they become more popular. A few categories have exceptions to this. 
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8 YouTube User Perspectives 
A total of 660 questionnaires were given out, with 534 (81%) returned. This return rate is much higher 
than is expected for questionnaires (Cohen et al., 2017; Bryman, 2004). This generates a low non-
response bias, helping to justify the biased initial sample strategy. The respondents comprised 444 
females, 87 males, 1 other and 2 that did not disclose their gender. The three respondents who didn’t 
disclose their gender or defined themselves as other are not included in the discussion and analysis of 
the data. The analysis is divided into three sub-sections: gender, age and user level (See Appendix 12) 
(RQ6 and RQ7). 
8.1 Gender Differences 
Some demographic information about the survey respondents is summarised here for background 
context. Most respondents are within the ’18 to 24’ and ’25 to 34’ year categories across both genders 
(Figure 8.1) which are most common ages of YouTube user (Gaunt, 2015; Perrin, 2015; Smith, 2014). 
Since 95% of both the female and male respondents are between 18 and 54, this data is representative 
of internet users in age but not gender (Blank et al., 2019). Despite the substantial difference in 
number between female and male respondents the percentages for each of the age categories are 
relatively consistent (Figure 8.1). 
 
Figure 8.1. Female and male respondents by age range with 95% confidence intervals. 
Nearly all (89%) female and male respondents are educated, or being educated, to Higher Education 
level (Figure 8.2). From the OxIs survey, 95% of internet users (18+) were educated (or being educated) 
to this level (Blank et al., 2019), but the figure may be lower now. Nevertheless, the survey sample 
does not seem to be far out of line for education. The gender percentages across the education levels 
are relatively consistent (Figure 8.2). 
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Figure 8.2. The education levels of female and male respondents with 95% confidence intervals. 
8.1.1 YouTube Use and Method of Accessing Videos 
Information about the frequency of YouTube use and methods of accessing videos is summarised here 
to give context to the main results. Within the sample, 85% of the females and 90% of the males were 
frequent YouTube users, accessing videos daily or weekly. These high percentages are unsurprising 
given the popularity of YouTube (Arthurs et al., 2018; Dehghani et al., 2016; Gaunt, 2015; Buzzetto-
More, 2014). The statistically significantly higher percentage of male (58%) than female (36%) daily 
users aligns with a range of evidence that YouTube is used more frequently by males (Fisher and Ha, 
2018; Mayoral et al., 2010; Madden, 2009) but contradicts other evidence that use is similar across 
genders (Rainie et al., 2012) and that females are more prominent users (Oh and Syn, 2015; Chappell, 
2012). It is possible that males use YouTube more frequently, but both genders are similarly likely to 
use it. Weekly, but not daily, use is statistically significantly higher for female (49%) than male (32%) 
respondents. The percentages of both monthly and yearly use by the respondents are relatively low 
across both genders within the research: few respondents are occasional users. 
 
Figure 8.3. Female and male respondents watching YouTube videos with 95% confidence intervals. 
The most popular way for both females and males to access YouTube videos (Figure 8.4) is through 
the website itself (Welbourne and Grant, 2016; Duncan et al., 2014; Barry et al., 2014; Buzzetto-More, 
2014). Some of the videos that the respondents choose to watch could therefore be presented to 
them by YouTube through the homepage and its various recommendation systems (Figueiredo et al., 
2014; Anthony et al., 2013; Borghol et al., 2012; Figueiredo et al., 2011; Zhou et al., 2010). 
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A high proportion of both genders also access videos through the YouTube app (Figure 8.4), which 
could be due to the greater use of mobile devices and technologies, and improvement and 
developments relating to roaming access to the web (Carbonell et al., 2018; Rein and Venturini, 2018; 
Andone et al., 2016; Gaunt, 2015; Buzzetto-More, 2014; Kim et al., 2013). Although there is a slight 
overlap between the upper and lower confidence intervals, this method of accessing YouTube videos 
seems to be more popular with male respondents (Figure 8.4). Again, as a result of using the YouTube 
app there is a higher possibility of the users being influenced, in the videos they watch, by those which 
are directly presented to them through the homepage and its various recommendation systems 
(Figueiredo et al., 2014; Anthony et al., 2013; Borghol et al., 2012; Figueiredo et al., 2011; Zhou et al., 
2010). 
Both genders seem to access a high proportion of the YouTube videos that they watch by following a 
hyperlink on a Facebook post (Broxton et al., 2013) and as previous research has highlighted there is 
a greater chance of videos being shared on Facebook (Vingilis et al., 2018). This suggests influence 
from social network groups and web pages visited. This is supported by evidence that videos that are 
shared or recommended by friends, members of social networks or a trusted source are more likely 
to be watched (Arthurs et al., 2018; Hayes et al., 2018; Feitosa and Botelho, 2017). 
Few males and very few females access videos through hyperlinks within blogs (Figure 8.4). This could 
be due to the comments and discussion-based nature of blogs, with few links to videos. Fewer people 
may also be accessing blogs, particularly with the rise in popularity of vlogs (Hill et al., 2020; Codreanu 
and Combe, 2019; Berryman and Kavka, 2018).  
Searching through Google is popular for accessing YouTube videos with both genders (Figure 8.4). This 
is supported by previous research which suggests that YouTube videos are regularly accessed through 
external means such as Google searches (Figueiredo et al., 2011; Szabo and Huberman, 2010; Zhou et 
al., 2010; Benevenuto et al., 2009; Paolillo, 2008; Cheng et al., 2008). People may use Google search 
to get a wider range of options than YouTube gives, particularly when searching for a recommended 
video. They may also search for specialised content that might not be easy to search for within 
YouTube. 
Male respondents use more methods to access YouTube (Figure 8.4, Figure 8.5) and are at least as 
likely as females to use any given method. This supports the evidence that the male respondents 
generally spend more time browsing and searching for YouTube videos (Fisher and Ha, 2018).  
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Figure 8.4. The methods female and male respondents have used to access YouTube videos with 95% 
confidence intervals. 
 
Figures 8.5. The number of methods used by females and males to access YouTube videos with 95% 
confidence intervals. 
The most popular method of accessing videos through the YouTube website for both genders (79%) is 
its inbuilt search facility (Figure 8.6), confirming prior (but slightly dated) findings (Pinto et al. 2013; 
Zhou et al., 2010; Crane and Sornette, 2008). Visiting the website or using the YouTube app suggests 
more control over what is viewed, compared to following hyperlink recommendations from other 
sources. YouTube website users may tend to access popular videos since these (and user-specific 
preferences) are presented by YouTube through the search facility. 
The YouTube homepage is used by 32% of females and 49% of males, supporting findings that 
suggests that there is a greater chance of videos being watched when they are recommended by 
YouTube (Wilhelm et al., 2018; Figueiredo et al., 2011). Since the homepage is used more by males, 
they may be more susceptible to YouTube’s recommendations based on what they previously 
watched (Figure 8.6). YouTube encourages people to access videos by presenting them with various 
options based on their previous viewing history and preferences and this may influence males more. 
The subscription pages and the recommendation bar seem to be more important to males than 
females (Figure 8.6). Subscriptions are used by viewers to connect to a wider range of videos and 
content that they relate to and can also support the development of interactions with likeminded 
users (Kayumovich and Annamuradovna, 2020;Buzzetto-More, 2014; Alloway and Alloway, 2012). 
Thus, it seems that the male respondents are using the YouTube subscribing function to provide them 
with greater, wider and easier access to video content that they are more motivated to watch. Male 
respondents may also be more motivated by making connections and developing further social 
networks with other users based on their commonalities (Döring and Mohseni, 2019), and could also 
be a result of their greater interest in accessing YouTube (Fisher and Ha, 2018). 
The most popular video and most viewed video pages seem to be of least importance to both genders 
(Figure 8.6). This suggests that people rarely visit YouTube to find popular videos. Popular videos may 
be accessed instead through a range of sources, such as social media websites, or found by being 
prominent in search or category browsing results. Since respondents do not search for popular videos, 
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whereas people are more likely to follow, conform or be influenced by others in their decision-making 
process (Welbourne and Grant, 2016; Eger, 2015; Boyd, 2014; Shifman, 2012), influence must spread 
in a more subtle way.  
 
Figure 8.6. Methods female and male respondents use to access videos in YouTube.com with 95% 
confidence intervals. 
8.1.2 Video Categories 
The three most popular categories are the same for both genders: Comedy, Education and 
Entertainment (Figure 8.7). The popularity of Comedy and Entertainment on YouTube is well known 
(Arthurs et al., 2018; Barakat, 2014; Buzzetto-More, 2014; Guadagno, 2013; Berger and Milkman, 
2013). How-to is also a common and relatively popular category for female and male respondents. 
This may be due to the posting of popular educational videos within YouTube and thus provides 
viewers with useful self-directed learning videos (Rubenking, 2019; Feitosa and Botelho, 2017; 
Buzzetto-More, 2014; Duncan et al., 2013; Haran and Poliakoff, 2012). 
Since most respondents work within education, they are more likely than others to use YouTube for 
educational and work-based purposes. Animation and From TV are also relatively popular with both 
genders who participated within the research (Figure 8.7). Beauty, Lifestyle and Cooking are 
statistically significantly more popular with female than male respondents (Figure 8.7). YouTube is 
increasingly used for beauty and lifestyle advice from vloggers (García Rapp, 2016) and these seem to 
appeal more to females (Ashton and Patel, 2020; Ladhari et al., 2020). For Cooking, females may be 
more likely to use YouTube for free video-based recipes. 
The categories that are more popular for male respondents, with no overlap in the confidence 
intervals, are Sport, Politics, Best of and Gaming (Figure 8.7). Content relating to sporting events can 
attract a large audience. Tech, although not one of the most popular categories with male, is less 
popular with females (Figure 8.7) (Fisher and Ha, 2018). Best of, Politics and Gaming are particularly 
unpopular with female respondents. 
0 10 20 30 40 50 60 70 80 90 100
YouTube homepage
YouTube most popular page
























Male (87) Female (444)
101 | P a g e  
 
 
Figure 8.7. The categories of video that female and male respondents reported watching with 95% 
confidence intervals. 
8.1.3 Factors Influencing the Decision to Watch a Video 
The most important factor in deciding to watch a video was the title of the video, for half of both 
genders (Figure 8.8). The title of a video is known to be a significant factor in whether someone 
chooses to watch a video (Chang, 2018; Jiang et al., 2014; Konnikova, 2014; Cheng et al., 2013). 
Video thumbnails are also important for both genders (Figure 8.8), for the information provided about 
the video (Chang, 2018). The value of a thumbnail has not been previously studied but videos need a 
‘hook’ to encourage people to watch (Ahn and Shin, 2016; Tschopp, 2014). This ‘hook’ could be the 
thumbnail picture of the video. 
A quarter of female and male respondents are influenced by the length of a video when deciding 
whether to watch it (Figure 8.8). Video length is known to be important when choosing to watch a 
video (Jiang et al., 2014; Konnikova, 2014; Tschopp, 2014; Guadagnoa et al., 2013; Berger and 
Milkman, 2012). Previous research suggests that shorter videos are preferred by viewers (Bentley et 
al., 2019; Tschopp, 2014; Guadagnoa et al., 2013; Berger and Milkman, 2012), however, and videos 
between 16 to 30 seconds are the most likely to be viewed (Henke, 2013). 
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Both genders claim that the number of comments has little impact on their decision to watch a video 
(Figure 8.8). They may not be concerned with others’ opinions before watching a video, or may read 
some comments but not be interested in the number posted. Since videos with more comments are 
more popular, this is probably due to popular videos receiving more comments rather than 
commented videos becoming popular. Perhaps surprisingly, the number of likes and dislikes also seem 
to have little impact on someone’s decision to watch, further suggesting that both genders are not 
directly influenced by the opinions of others. Since people are influenced by others’ opinions and 
ideas, including for videos (Welbourne and Grant, 2016; Akdeniz, 2014; Shifman, 2012), this influence 
must be indirect. 
A high proportion of both genders access YouTube videos through Facebook and are therefore 
influenced by the recommendations and the opinions of others that are part of their social group or 
network, but the number of views is relatively unimportant (Figure 8.8) (Dynel, 2014). However, other 
research has explained that videos which are more popular have a higher likelihood of being watched 
(Kong et al., 2018; Qiu et al., 2015). Recommendations yield more views from YouTube users, so the 
personal more direct connection of a recommendation seems to be more important than broad 
popularity (Wu et al., 2018; Jiang, et al., 2014; Frasco, 2014. 
The age of a video has little influence on female and male respondents’ decisions to watch it (Figure 
8.8), despite new content being more appealing. Perhaps some types of content are ageless whereas 
others are not. Overall, respondents seem to be influenced more by video content information and 
direct recommendations than the opinions of unknown others. 
 
Figure 8.8. Factors that always or mostly influence female and male respondents’ decisions to watch a video 
with 95% confidence intervals. 
8.2 Age - Female  
This section breaks down the above results by age range for the female respondents to assess whether 
there is evidence of differing factors influencing video choices. In most cases the sample sizes are too 
small to give statistically significant evidence of any except the largest differences.  
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8.2.1 YouTube Use 
A high proportion of the respondents across the age bands are frequent, daily and weekly, users of 
YouTube (Figure 8.9). The higher proportions of frequent users are within the ’18 to 44’ age bands 
with substantial daily and weekly use from the ’18 to 34’ age bands. None of the 55+ respondents use 
YouTube daily and are less frequent users (Figure 8.9).  
 
Figure 8.9. YouTube video watching frequency by age group for female respondents with 95% confidence 
intervals. 
8.2.2 Accessing YouTube Videos 
The most popular way of accessing videos is through the YouTube website for all age bands (Figure 
8.10). The YouTube App is used most within the age bands ’18 to 34’, because younger people are 
generally more active smart phone users (Carbonell et al., 2018; Andone et al., 2016). Facebook seems 
to be a popular forum for accessing YouTube videos for most age bands, which could also reflect 
respondents use of social media websites in general (Figure 8.10) (Carbonell et al., 2018). Social media 
networks have had a significant impact in terms of watching online videos Mehrotra and Bhattacharya, 
2017; Alloway and Alloway, 2012; Ameigeiras et al., 2012). 
Hyperlinks in emails are used across age bands (Figure 8.10) and are slightly more popular with female 
respondents aged 35 to 54. This was a more popular method of accessing YouTube videos before the 
development of social media websites such as Facebook. Nevertheless, email recommendations are 
from a trusted source, if they know the person that sent the email. People are more likely to watch 
videos that have been sent from trusted sources as they act as an online form of Word-of-mouth 
recommendation (Kong et al., 2018; Figueiredo et al., 2014; Frasco, 2014; Jiang, et al., 2014; Anthony 
et al., 2013). 
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Figure 8.10. How the different age groups of female respondents have accessed YouTube videos with 95% 
confidence intervals. 
Females aged 55+ seem to use few methods to access YouTube videos (Figure 8.11). This could be due 
to using YouTube videos for specific purposes rather than a form of regular entertainment (Fisher and 
Ha, 2018). Younger females aged 18 to 34 (Figure 8.11) use a wider range of methods to access 
YouTube videos (Gaunt, 2015; Perrin, 2015). As the bands increase in age the female respondents use 
a fewer methods (Figure 8.11). This may be due to younger females spending more time watching 
YouTube videos (Figure 8.9) (Gaunt, 2015; Perrin, 2015). 



































55+ (20) 45 to 54 (56) 35 to 44 (82) 25 to 34 (134) 18 to 24 (152)
105 | P a g e  
 
 
Figure 8.11. The number of methods that different age groups of female respondents use to access YouTube 
videos with 95% confidence intervals. 
8.2.3 Accessing Videos within YouTube 
The YouTube website search is still the most popular way that female respondents access videos 
across all age bands (Figure 8.12) (Pinto et al. 2013). Although the percentages are much lower, the 
YouTube homepage appears to be a relatively popular method for accessing videos across all age 
bands, but most by females aged 18 to 24 (Figure 8.12). Younger females might access YouTube for 
recreational and entertainment purposes rather than searching for a video. It is possible that the 
younger female respondent age bands interact with the suggestions on the YouTube homepage 
because of being more regular users as presented within the data (Figure 8.9). Female respondents 
55+ seem to be selective in the methods they use within the YouTube website (Figure 8.12). They may 
usually have a clear purpose in what videos they want to watch rather than using YouTube as a form 
of entertainment like younger respondents (Dehghani et al., 2016; Duncan et al., 2014). 
Female respondents across all age bands are rarely interested by the YouTube most viewed page 
(Figure 8.12). Although the percentages were slightly higher for some age bands, it was also the case 
for the YouTube most popular page (Figure 8.12). This contradicts aspects of research which suggests 
that individuals’ choices are influenced by others and what is currently popular within society 
(Welbourne and Grant, 2016; Eger, 2015; Boyd, 2014). 
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Females aged 18 to 34 (Figure 8.12) seem to use the recommendations bar more than the other ages. 
Younger female respondents also use a wider range of methods within the YouTube website to access 
videos (Figure 8.12), which could be due to greater and more regular use (Figure 8.9). 
 
Figure 8.12. Methods that the different age groups of female respondents use when accessing videos 
through the YouTube website with 95% confidence intervals. 
8.2.4 Video Categories 
Education, Entertainment and Comedy are the three most popular types of video for female 
respondents under 55 (Figure 8.13). The three most popular video types for female respondents aged 
55+ are How-to, Comedy and Education, suggesting that older females are less likely to use YouTube 
as a form of recreational entertainment. 
The popularity of Beauty and Fashion decline with age (Figure 8.13). Videos within this category may 
target younger females, as they are more regular users of YouTube (Figure 8.9) (Brahmana and 
Vivaldo, 2018; Elven, 2018). Older females may also have more established tastes or access 
information relating to beauty and fashion through other means. However, other research does 
suggest that females overall are more interested in fashion (Fisher and Ha, 2018), beauty and lifestyle 
than males (Schwemmer and Ziewiecki, 2018). Health is least popular for females aged 55+ (Figure 
8.13). Since health concerns increase with age, they may use more traditional methods to get health 
information. Politics is most popular with females aged 45 to 54 (Figure 8.13). Younger females are 
most likely to use YouTube to access News (Figure 8.13). Older people may prefer traditional TV or 
newspapers. However, research has suggested that videos which relate to events happening within 
the news have a greater chance of being viewed by individuals (Abisheva et al., 2014; Berger and 
Milkman, 2012). 
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Figure 8.13. Categories of video watched by female respondents by age with 95% confidence intervals. 
8.2.5 Influencing Factors 
The most important factor in accessing YouTube videos for all female respondents across the different 
age bands is the title of the video (Figure 8.14) (Chang, 2018; Jiang et al., 2014; Konnikova, 2014; Cheng 
et al., 2013). This makes sense as the title of the video would hopefully provide the user with 
information relating to the content of the video. This would also be the case for the thumbnail picture 
as this is also an important factor for most of the female respondents in watching YouTube videos, 
except the ‘45 to 54’ age band. Video length seems to most influence young females (Figure 8.14), 
perhaps preferring short videos (Bentley et al., 2019; Gaunt, 2015; Perrin, 2015).  
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Respondents choosing the Other option mainly mentioned the relevance of a video and whether it 
had been recommended. Since Other is highest for the ’45 to 54’ age band, these female respondents 
seem to be more influenced by their social networks. The youngest users seem to be most influenced 
by the number of views than the other age bands (Figure 8.14), perhaps due to increased sensitivity 
to trends amongst youth. This is supported by other research which suggests that individuals are 
generally more likely to be influenced to watch videos that are recommended by others within their 
social network or group as they share similar affiliations (Dehghani et al., 2016; Perrin, 2015; Oh and 
Syn, 2015; Kim et al., 2013). 
 
Figure 8.14. The factors that always or mostly influence the different age groups of female respondents’ 
decisions to watch a video with 95% confidence intervals. 
8.3 Age – Male 
The following figures show the data for the various age bands for male respondents. Due to the 
small sample sizes, the differences are rarely statistically significant, so the discussion is speculative. 
8.3.1 YouTube Use 
Although there are age differences in frequency of accessing YouTube, these are not large or 
systematic enough to speculate about trends (Figure 8.15). 
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Figure 8.15. How often the different age groups of male respondents watch YouTube videos with 95% 
confidence intervals. 
8.3.2 Accessing YouTube Videos 
The main access method age-related trend evident in the sample is that younger males are more likely 
to use the YouTube app (Figure 8.16). The same trend occurs for females. 
 
Figure 8.16. How the different age groups of male respondents have accessed YouTube videos with 95% 
confidence intervals. 
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Ignoring the small 55+ age group, there is a tendency for younger males to use more methods to 
access YouTube (Figure 8.17). This echoes the results for females. 
 
Figure 8.17. The number of methods that different age groups of male respondents use to access YouTube 
videos with 95% confidence intervals. 
8.3.3 Accessing Videos within YouTube 
There is a tendency for younger males to be more likely to use the YouTube home page, most popular 
page and most viewed page (Figure 8.18). This suggests a youth-related interest in global popularity, 
at least within YouTube. 
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Figure 8.18. The methods the different age groups of male respondents use when accessing videos through 
the YouTube website with 95% confidence intervals. 
8.3.4 Video Categories 
There are non-significant age-related trends for individual categories for males, such as a tendency for 
younger males to be more likely to watch Sport, News, Cooking, Comedy, and Best of, and for older 
males to prefer From TV (Figure 8.19). 
 
Figure 8.19. The categories of video the different age groups of male respondents have watched with 95% 
confidence intervals. 
8.3.5 Influencing Factors 
The title of video and the thumbnail picture of video are more influential for younger males than for 
older males (Figure 8.20). This echoes the situation for females. 
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Figure 8.20. The factors that always or mostly influence the different age groups of male respondents’ 
decisions to watch a video with 95% confidence intervals. 
8.4 User Level 
The analysis of respondent user level did not present anything new in terms of findings and 
therefore it can be found within Appendix 12. 
8.5 Summary 
The following summary considers the key findings from the questionnaire data in relation to RQ6 
(gender and age differences in popular types of YouTube video) and RQ7 (gender and age differences 
for YouTube video watching influences). The questionnaires provided a return rate of 81% (534/660) 
and a sample made up with a considerably higher proportion of female respondents than male 
respondents. The sample was also substantially biased to people studying or working within the 
primary education and higher education sectors. A substantial percentage of the sample was made up 
of female (83%) and male (83%) respondents aged 18 to 44, with 89% of both genders being educated 
to higher education level. A higher percentage of male respondents (58%) use YouTube daily than 
female respondents (36%). 
For both genders the main method for accessing YouTube videos is directly through the website. The 
YouTube App, hyperlinks or posts on Facebook and Google searches were also popular methods used 
by both genders, but male use a wider range of methods to access YouTube videos. The substantial 
use of hyperlinks or posts within Facebook shows that both genders can be influenced by their friends 
or online social networks. 
Younger female respondents watch YouTube videos more regularly than older users. Younger female 
respondents use the YouTube App more than older respondents, and overall use a wider range of 
methods to access videos. Using a Google search to find YouTube videos is also relatively popular and 
consistent across all age bands. From the questionnaire data, younger female respondents use a 
slightly wider range of methods to access videos within YouTube. 
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In finding and accessing videos within YouTube the most popular method with all age bands is through 
the website’s own search facility. Another relatively popular method across most female respondent 
age bands (less so for 25 to 34) is accessing videos through the YouTube homepage which will be 
suggestions made by the website based on a user’s previous watching choices and preferences.  
8.5.1 Gender and age differences in popular categories of YouTube video 
The most popular categories of video with both genders are Comedy, Education and Entertainment. 
The three categories most watched by both genders are the same: Comedy, Education and 
Entertainment. Nevertheless, due to the sample selection bias, respondents could be accessing a 
higher proportion of Education videos for work-based purposes, so this may not reflect overall 
YouTube popularity. In addition, both genders extensively watch How-to, Animation and From TV. 
However, from the data collected it is not clear whether users search using key terms or by the specific 
YouTube categories and is therefore a limitation of the questionnaire findings. 
The least popular type of video is Non-profit. The least watched type of video for both genders is Non-
profit. 
There are gender differences in categories of videos watched. Although there are some similarities 
in the types of videos that are watched it can also be seen that there are some substantial differences 
in the categories the genders prefer to watch. For example, Beauty and Cooking are watched more by 
female respondents whereas Sport and Politics are watched more by males. 
Beauty and Fashion videos are more popular with younger females than with older females. 
8.5.2 Gender and age differences for YouTube video watching influences 
Both genders are influenced by video titles and thumbnails. There are few gender differences in 
factors influencing both genders to watch a video. The key influencing factor for both genders is the 
title of the video, as it provides insights into the content of a video before committing to watching it 
(Chang, 2018). The thumbnail picture of the video is also a key influencing factor for both genders for 
the same reason (Chang, 2018).  
Both genders are little influenced by the opinions of others. This includes the number of comments 
and number of dislikes.  
All ages of female are uninterested in most popular or most viewed video pages. The least popular 
methods for watching videos across all age bands are the most popular and most viewed pages. This 
suggests that female respondents believe that they are unlikely to watch videos just because they are 
popular with (unknown) others.  
Younger females are more likely to be influenced by a wider range of factors. The factor that 
influences all ages of female respondents the most in watching content is the title of the video. From 
the questionnaire data younger female respondents are more likely to be influenced by a wider range 
of factors than older respondents. The length of the video and the thumbnail picture appear to have 
greater influence for younger female respondents in watching than the older female respondents.  
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9 Factors Affecting Decisions to Watch YouTube Videos  
This chapter ties together the findings collected for RQ3-7 to address RQ8 (What influences the 
decision to watch a YouTube video?), relates them to prior literature, and proposes some conclusions 
relating to YouTube video watching preferences. The following discussions relate to the sample of 
data extracted from YouTube and the convenience sample respondents, and therefore are not 
generalizable to all UK YouTube users. Due to the limited nature of this thesis, the changing nature of 
popular culture and current events, and the growth, development and organic nature of YouTube 
there are influences that can have an impact on a user’s decision-making process in watching videos 
that have not been investigated. These include personality type, nationality, culture, religious beliefs, 
socio-economic status, employment, online access, YouTube’s algorithms, overlaps in categories and 
types of video, news, currents affairs, politics, fashions, disability and accessibility. 
This thesis investigates factors associated with video popularity or that influence users’ decisions to 
watch a video. This involves two scopes of popularity (in terms of view counts). 
 Individual videos. 
 Categories of video. 
The two types overlap because a type of video would become more popular, on average, if there were 
popular individual videos of that type. The questionnaire data relates to the second type of popularity 
because users are not asked about individual videos. In contrast, the metadata has information 
primarily about individual videos and reports within category averages. For example, a high correlation 
between video length and view counts in the metadata would indicate that longer videos are more 
likely to be watched but not necessarily that viewers tend to watch long videos (because there might 
be many more short than long videos). This mismatch must be taken into account when comparing 
the survey and category API data. 
9.1 Video Titles and Thumbnails 
Survey users claimed that video titles and thumbnails helped them to decide whether to watch a 
video. This agrees with previous research into a sample of 306 videos (Chang, 2018). This is consistent 
with the content of a video being important in the decision to watch it. 
9.2 Video Categories  
There are substantial differences in the average popularity (views) of videos between categories from 
the YouTube API category search results (Figures 6.5, 6.6). The survey data also reported systematic 
differences in the categories watched (Figure 8.7). Thus, and unsurprisingly, different types of videos 
attract different average numbers of views. For example, the average popularity of From TV videos is 
many orders of magnitude higher than that of Non-profit videos. Whilst entertainment videos seem 
to be the most popular, on average, informational videos (How To, Beauty, Cooking) are moderately 
popular. Political videos (politics, causes) are perhaps surprisingly unpopular overall. 
Comparing the survey and API results can give some additional insights, although the data are not 
directly compatible because the former covers any video in a category and the latter describes average 
properties of videos in a category but does not take into account the number of videos in the category 
(whether or not the number captured by the YouTube API sample is representative of the total 
number of videos available for the category). 
There is broad agreement between the survey and YouTube API averages, in the sense of a very 
approximately linear main trend, but also five substantial discrepancies (Figure 9.1, 9.2).  
 Education: The importance of education to YouTube is exaggerated in the survey because of 
the sample selection bias (primarily educators). 
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 Entertainment and Comedy: The mismatch seems likely to be due to interpretation by the 
survey users, regarding entertainment as a purpose rather than a genre, and comedy as 
meaning funny videos of any type rather than the Comedy category of comedians delivering 
stage shows. 
 Best Of: The anomaly could be due to Best Of videos being selected for this category for 
tending to be popular already, and perhaps not attracting many new views from their Best Of 
listing. Alternatively, people may select Best Of videos only if they match another category 
(e.g., Comedy) and consider this as being selecting Comedy rather than Best Of. 
 From TV: The anomaly here may be partly age-related, with younger viewers being prepared 
to watch the (in 2015) relatively low resolution and possibly illegally copied TV shows on 
YouTube. 
 
Figure 9.1. Percentage of respondents watching videos from a category against average number of views per 
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Figure 9.2. Percentage of respondents watching videos from a category against average daily views per video 
from the YouTube API combined dataset. 
The results are difficult to compare with previous YouTube research, which have rarely explicitly used 
the YouTube categories. Nevertheless, they confirm that Education, Health and News are important 
on YouTube, helping to justify the many studies of these areas (see Chapter 2: e.g., Saurabh and 
Gautam, 2019; Madathil et al., 2015; Al-Rawi, 2019). The low rates for Causes videos are in agreement 
with a finding that end users don’t use YouTube to seek sustainable development information (Kang, 
2019), although there are many other causes. The results also give new evidence of the importance 
of Beauty. Although there is some YouTube Beauty research on this topic (e.g., Hou, 2018), it seems 
minimal compared to its importance within the site. Conversely, the relatively low numbers of views 
for Politics videos suggests that its importance is overplayed by the many studies about it (e.g., Bowyer 
et al., 2017). Since politics is often nation-specific, however, the YouTube view counts may 
underestimate its local importance. 
Several video categories seem to have attracted little academic research focusing on them within 
YouTube, despite apparently being highly viewed on the site. There are multiple possible explanations 
for this. 
 From TV, Animation:  YouTube’s importance may be primarily as a delivery platform for these, 
with research focusing on them in offline contexts. Previous studies have argued that 
watching TV-like content has been the core use of YouTube (Freeman and Chapman, 2017; 
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 Gaming: This aspect of gaming (help or advice videos and skill showcasing) may not be thought 
important to research. On YouTube, the potential to live stream games (Göring et al, 2019) 
may add to its attractiveness. 
 DIY, How To, Cooking: These may cover aspects of life that are largely ignored by academic 
research. 
 Lifestyle, Fashion: These may be primarily of interest on YouTube from a marketing 
perspective and offline research may be most interested in creativity. 
9.3 Video Length  
Video length varies between categories (Figure 6.25), because logically different purposes will have 
different durations. Video length does not have a statistically significant correlation with view counts 
in any of the categories from the YouTube metadata (Table 7.1) so there is no category in which users 
tend to prefer shorter or longer videos. This partially conflicts with many of the survey responses 
(Figure 8.8), with a quarter reporting that video length influences the decision to watch a video (Table 
9.1). It is possible that viewers prefer different length videos for different purposes, even within a 
category, so that there is no consistent preference for a particular length in the category. Alternatively, 
the preferred length might be close to the average length for some or all categories so that there is 
not a positive overall rank correlation between length and popularity. These results conflict with prior 
claims that shorter videos are more popular (Tschopp, 2014; Henke, 2013). 
Table 9.1. A comparison of the highest and lowest scoring responses from the questionnaire data for the 
female and male respondents.  
 Female Male 
How often have you watched YouTube videos? Daily 36%  
Weekly 49% 
Daily 58%  
Weekly 32% 
How have you accessed YouTube videos? 
(Highest) 
YouTube 78%  
Facebook 68%  
App 61%  
Google 52% 
YouTube 84%  
App 74%  
Facebook 72%  
Google 62% 





Verbal recommendation 29% 
Number of methods (Average) 3 Methods - 21% 4 Methods - 22% 
Which methods through the YouTube website? 
(Highest) 
Search facility 79%  
Homepage 32% 
Search facility 79%  
Homepage 49%  
Subscriptions 39% 
Which methods through the YouTube website? 
(Lowest) 
Most viewed 9% 
Most popular 15% 
Most viewed 10% 
Most popular 21% 
Which type of videos have you watched? 
(Highest) 
Education 67%  
Entertainment 64%  
Comedy 56%  
Beauty 44%  
How-to 43% 
Comedy 75%  
Education 71%  
Entertainment 70%  
Sport 58%  
Politics 43%  












Factors that influence your decision to watch - 
Always/Mostly (Highest) 
Title 50%  
Thumbnail 30%  
Length 26% 
Title 48%  
Thumbnail 35%  
Length 25% 








Upload date 8% 
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9.4 Video Age 
It is not possible to reliably detect the influence of age from the YouTube API data (since old videos 
may have attracted their views when young) although it seems likely that videos attract most of their 
views when they are relatively new. Similarly, news is time-dependant and pop music has short phases 
of maximum popularity when it is in the charts so these categories seem likely to be time-dependant. 
Under 10% of the survey respondents thought that video age (upload date) influenced their decision 
to watch a video (Figure 8.8 and Table 9.1). Overall, it seems possible that videos age has little direct 
influence on decisions to watch individual videos, although it must have at least an indirect influence 
for some video types. No previous research seems to have focused on video age as an influence on 
popularity, but it is implicit in many of the discussions that new content is likely to become viral than 
old content (e.g., Brodersen et al., 2012). 
9.5 Popularity and Opinion-Related Factors 
9.5.1 View counts 
Only 15% of survey respondents believed that they were often influenced by video view counts in 
their decisions to watch (Figure 8.8). Few respondents were interested in popular video pages either 
(Figure 8.4 and Table 9.1). The YouTube metadata cannot provide evidence about the influence of 
view counts on view counts, since this would be tautological. The survey respondents might be biased 
towards avoiding the mainstream since they tend to be educated to degree level. Some people also 
actively seek to avoid being mainstream and may therefore avoid frequently viewed videos (Browne, 
2013). Overall, however, the results provide weak evidence that popularity does not directly lead to 
further popularity through conscious user decisions. 
Related to popularity, beauty vloggers sometimes attempt to make videos that follow popularity 
trends in the belief that their videos might be recommended to users watching popular videos (Bishop, 
2019). Thus, there may be a trend for content creators to follow popularity even if viewers do not. 
9.5.2 Video Dislikes and Likes 
There is a substantial difference between categories in the average likes per view and a moderate 
difference between categories in dislikes per view (Figure 6.8). Categories with the most viewed videos 
tend to have the fewest likes and dislikes per view (compare Figures 6.5, 6.6 with Figure 6.8). A 
possible explanation is that passive videos are more popular and that the lower number of ratings is 
a side-effect of this. 
Under 10% of the survey respondents reported being frequently influenced by the number of likes for 
a video and under 5% said that they were frequently influenced by dislikes (Figure 8.1 and Table 9.1). 
The small negative correlations between likes and dislikes per view and total views for most categories 
(Figure 7.1) suggests the possibility of a small negative influence: people are less likely to watch a video 
with many likes or dislikes. Nevertheless, a more plausible explanation is that viewers are less likely to 
want to rate a popular video because their individual rating would make little difference to its overall 
score. It is also possible that more popular videos within categories tend to be of a passive 
entertainment type. No evidence is available for either conclusion, however. Nevertheless, whatever 
the cause, neither likes nor dislikes have much influence on viewers. This agrees with previous results 
from a set of 306 YouTube videos (Chang, 2018). 
9.5.3 Video Comments 
The number of average and per view comments that videos receive again varies considerably across 
the different categories (Figures 6.12, 6.13. 6.14). When compared to the process of rating, through 
disliking and liking, the additional effort required to comment on a video and its content demonstrates 
a higher level of engagement from users. 
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Survey respondents were almost unanimous in not caring about the number of comments on a video 
when deciding whether to watch it (Figure 8.8). The small negative correlations between comments 
per view and total views for most categories (Figure 7.1), suggests that there may be a small indirect 
effect leading to less popular videos having more comments per video. This might be due to the 
greater ease of communication between commenters on videos with fewer comments because 
comments will be visible for longer before requiring scrolling to see. It might also be a side effect of 
more passive entertainment style videos in each category being more popular.  Prior research has 
found that extensive commenting associates with controversial content (Chimel et al., 2011; 
Sobkowicz and Sobkowicz, 2010; Thelwall, Sud, and Vis, 2012), so controversial content may be less 
popular, rather than generating interest (see also: Eckler and Rodgers, 2011; Dahl et al., 2003). 
9.5.4 Indirect Influences of Methods to Access Videos 
The most popular method for accessing YouTube videos for all female and male respondents is 
through the YouTube website and App (Figure 8.4). Respondents might therefore be influenced by 
content on the website or App homepage. This content is selected and personalised (if the user is 
recognised) by YouTube’s algorithms based on the user’s previous watching history, with YouTube 
probably presenting videos that it thinks they might like, based on popularity and/or similarity to 
previously-watched content. Thus, users may be indirectly influenced by the viewing habits of 
unknown others through the YouTube algorithm suggestions. This power of the algorithm has been 
previously noted in a case study of beauty vloggers (Bishop, 2019). The results here therefore confirm 
the algorithmic beliefs of beauty vloggers. 
Facebook is also a popular method for accessing videos across all female and male respondents and 
suggests that YouTube users are influenced by the watching recommendations of their Facebook 
friends (Figure 8.4). This could be due to them respecting, valuing and trusting those that they choose 
to be part of their online social groups and networks. Both female and male respondents listed 
methods that they were less likely to use to access YouTube videos with the least popular of these 
consistently being through hyperlinks within Blogs (Table 9.3). It seems that Blogs and Twitter are not 
popular methods for watching YouTube videos, perhaps be due to the more text-based nature of this 
social media platform. 
Many users also search for videos through Google or the YouTube website. Both methods probably 
incorporate both popularity and personalisation to find a video that should match the need expressed 
by the query. Thus, unless a person searches for a previously known video, they may be indirectly 
influenced by popularity when selecting a video matching their query to watch. 
Previous studies do not seem to have systematically analysed how the method to access YouTube 
influences the videos watched. Nevertheless, the findings relate to general research about influence 
and popularity by revealing two partially hidden mechanisms by which it can occur even for people 
who do not think that -or let- the opinions of others influence them. 
9.5.5 Direct Influences of Methods to Access Videos  
Across both genders, ages and user types the respondents are rarely accessing videos through the 
YouTube most viewed or most popular pages (Figure 8.4, Table 9.3). In contrast, respondents seem, 
through the popular use of the search facility, to know what they are looking for and therefore do not 
use popularity pages provided by YouTube. It also suggests that the respondents do not feel that they 
are interested in general YouTube popularity for its own sake. Nevertheless, due to the indirect 
influences discussed above, respondents could be influenced indirectly by popularity without realising 
it. 
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9.5.6 Virality 
There has been extensive prior research discussing the extent to which people follow the crowd or 
display a herd mentality (Faafat et al., 2009; Toyokawa et al., 2019) as factors that may lead to videos 
becoming popular or viral. Both the survey and metadata evidence suggest that the opposite is the 
norm in terms of conscious behaviour. People rarely seem to watch a video because it is popular or 
liked although they are more likely to watch it because it is recommended by a trusted social network 
friend. Such friends are trusted partly because they have similar tastes or are good judges of what the 
recipient will like (Hayes et al., 2018; Feitosa and Botelho, 2017; Oh and Syn, 2015). Thus, the current 
research suggests that, on YouTube, the key determinant of virality or popularity is the value of the 
videos shared. In other words, a video is likely to become popular if it is valuable to the viewers, and 
sharing by friends (i.e., online word of mouth) may help them to find valuable videos. Thus, discussions 
of virality in prior research perhaps emphasise the mechanism for finding videos too much, because 
the key factor is video value. To give a concrete example, YouTube’s most popular video, Gangnam 
Style, should be regarded as primarily an example of a valuable video that was able to reach a 
receptive audience through a variety of mechanisms, including viral sharing. It is probably not a 
mediocre video that became popular by accident through snowballing popularity, because the 
evidence suggests that this is unlikely to happen. 
9.6 Viewer demographics 
The decision to watch a video is influenced by the age and gender of the viewer (Fisher and Ha, 2018; 
Schwemmer and Ziewiecki, 2018). This is obvious in terms of video content because there are 
substantial gender differences in offline personal interests and information needs. Other factors also 
seem to have age or gender differences in the likelihood of watching YouTube videos, as revealed by 
the survey and previous research (Fisher and Ha, 2018; Schwemmer and Ziewiecki, 2018). This includes 
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Table 9.2. The highest scoring responses from the questionnaire data for the female and male age and user 
respondent groups.  
  
Watch daily 
or weekly  









Which type of 








18 to 24 - 93%  
25 to 34 - 91%  
35 to 44 - 82%  
45 to 54 - 70%  





18 to 24 - 4 methods  
25 to 54 - 3 methods  
55+ - 1 method 







Beauty (18 to 34)  
Fashion (18 to 24)  
Sport (45 to 54) 
Title  
Thumbnail (18 to 44)  
Length (18 to 44) 
Male  
Age 
18 to 24 - 91%  
25 to 34 - 97%  
35 to 44 - 81%  
45 to 54 - 91%  





18 to 24 - 6 methods  
25 to 34 - 4 methods  
35 to 44 - 2/3 
methods  
45 to 54 - 1 method  
55+ - 4 methods 
Search facility  
Homepage  
Subscriptions (25 to 
34)  
Recommendations 






From TV (45 to 54)  
Gaming (25 to 34)  
Best of (18 to 24)  
How-to (35 to 44) 
Title  
Thumbnail  
Length (18 to 24 and 
45 to 54)  





YouTube 81%  
App 78%  
Facebook 76%  
Google 48% 
3 methods 
Search facility 76% 
Homepage 48% 
Recommendations  
bar 35%  
Subscriptions 34% 
Entertainment 76% 
Education 72%  
Comedy 63%  
Beauty 59%  
How-to 53% 
Title 54%  







Facebook 70%  
App 56%  
Google 53% 
3 methods Search facility 81% 
Education 69%  
Entertainment 62%  
Comedy 56%  
Animation 43% 






YouTube 86%  
App 76%  
Facebook 72%  
Google 64% 
4 methods 





Comedy 78%  
Entertainment 72%  
Education 64%  
Sport 58%  
Tech/Gaming 50% 







App 79%  
Facebook 75%  
Google 61% 
6 methods 
Search facility 89% 
Homepage 50% 
Education 82%  
Comedy 79%  
Entertainment 71%  
Sport 64%  
Animation 57% 
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Table 9.3. The lowest scoring responses from the questionnaire data for the female and male age and user 
respondent groups.  
  
Rarest access method 
Rarest YouTube 
website methods 
Rarest types of videos watched 
Factors least influencing 
















Best of (35 to 54) 







Blog (18 to 24 and 35 to 
44) 
Most viewed 
Most popular (25+) 
Causes 
Fashion (except 35 to 44) 
Automotive (except 25 to 34) 
Beauty 
Non-profit 
Lifestyle (25 to 34 and 44+) 

























Most viewed 8% 



























Most viewed 7% 








Upload date 4% 
 
9.6.1 Age 
There are some age-related differences in the ways in which YouTube is used, which may affect 
influences on decisions to watch videos. Ignoring males due to low numbers, younger female 
respondents tended to access videos in more ways and slightly more overall. There were not 
statistically significant differences for any methods, although the overall pattern was consistent with 
older users being more likely to directly search for videos rather than access them in other ways. Older 
females were also statistically significantly less likely to access Fashion and Beauty videos (Figure 8.13), 
confirming age differences in interests. Previous age-related discussions of YouTube seem to have 
focused on age differences in overall use rather than video watching preferences. 
9.6.2 Gender 
Due to the low number of male respondents, only tentative conclusions can be reached about gender 
differences, but in terms of categories watched, it seems likely that offline gender differences in 
interests have translated into different category preferences. Males also seem to use a greater range 
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of methods to access YouTube, but it is not clear whether this would moderate the indirect influences 
discussed above. Prior research relating YouTube to gender has tended to discuss presenter gender 
(Wotanis and McMillan, 2014) rather than audience gender, but some studies have found substantial 
gender differences in interest depending on the topic of a video (Thelwall, 2018; Thelwall and Mas-
Bleda, 2018). 
9.7 Summary 
As a reminder, the above discussion is based on the results of a biased survey sample (education-
related adults from the UK) and a biased collection of YouTube videos (as selected by YouTube API 
category searches). This may affect the results but, except as otherwise discussed, does not seem 
likely to have had a substantial influence on the results. 
Content-based factors (title, thumbnail, category) have the greatest influence on decisions to watch 
videos. Combined with the extensive use of Google and YouTube search facility to search for videos, 
this suggests that the content of a video is far more important than perceptions of others judgements 
of it. The main caveats to this are (a) that users are often prepared to follow suggestions from friends, 
who they may trust to recommend relevant content, and (b) users are probably indirectly influenced 
by anonymous other YouTube users through the algorithms that select videos for them to watch based 
on their search or previous watching history. 
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10 Conclusions 
This thesis investigated the popularity of YouTube videos and factors that influence users to watch 
them. Although the findings are not representative of all UK YouTube users the results add to research 
about online video popularity, user behaviours and factors influencing the decision-making process. 
The conclusions are also relevant to people using and producing YouTube videos. As these individuals 
will understandably want to increase the popularity of their videos for reasons including self-
promotion, earning money, marketing, information services and political election campaigns (Hou, 
2019; Berryman and Kavka, 2017; Ahmed et al., 2013; Pinto et al., 2013; Kim, 2012; Ackerman and 
Guizzo, 2011). The primary conclusion for producers is that content is king: they should focus on the 
message rather than mechanisms to make videos appear to be popular, since the former is most 
relevant to users. 
This chapter summarises the results of the individual research questions and then draws general 
conclusions. 
10.1 YouTube API Sample 
RQ1 was broken down into two further questions which are addressed here. 
To what extent does the sample provided by the YouTube API differ over time and between 
YouTube categories? 
There are substantial variations in the sample that the YouTube API selects over the two periods of 
time that the category searches were submitted. Although there are videos that have been repeated 
between subsequent searches, both daily and five-day approaches, the variations across these 
searches and categories suggests that the YouTube API selection process is not dominated by repeats. 
In addition, comparing subsequent searches to the initial search, again for daily and five-day 
approaches, there is substantial variation in the proportion of repeats, and these reduce at different 
rates across categories and searches. The reduction for some categories is more substantial than 
others, suggesting variations in how the YouTube API selects videos for different categories. The five-
day search approach yielded a higher proportion of repeated videos when compared to the daily 
searches. Nevertheless, common sense suggests that having a longer period between searches would 
provide less repeats as the API would have a wider range of new content to take its selection from. 
This suggests that there may be a cyclic element to the way in which the YouTube API algorithm is 
applied, but this cannot be determined from watch collected within this thesis. 
What factors and/or metrics, if any, does the YouTube API employ to determine the sample that it 
provides? 
It was not possible to determine how the YouTube API algorithm is biased by all the metrics associated 
with videos when selecting a search sample. It was also not possible to know if these biases are altered 
depending on the category being searched. Nevertheless, the substantial variations in metric scores 
associated with each of the categories across both search methods suggest that the YouTube API is 
not dominated by any metric considered within this thesis (e.g. comments, likes, dislikes, length, view 
count) when selecting a sample of videos, with the partial exception of age. For example, none of the 
search results were particularly dominated by new videos (based on age) or popular videos (based on 
high view counts). 
When analysing the associated average metrics relating to videos that are repeated across all the 
searches (daily or five day) due to the substantial variations across categories, these selections do not 
appear to be dictated or influenced by any specific level of metric. In addition, the same appears to 
be true when analysing the associated average metrics for the videos with no repeats. 
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Overall, in addressing RQ1 using category search results it is not possible to determine the algorithm 
that the YouTube API uses, how it works in what criteria it uses to select videos and any sample biases 
it may have. It is also not possible to explain how or if the YouTube API varies the way in which it 
applies its search algorithm to different categories. Nevertheless, it is clear that the YouTube API is 
not dominated by repeated videos or videos with specific levels of metrics, and that it returns a varied 
sample of videos, except that the video age variation is limited. 
Thus, the YouTube category API search results are biased by several factors, with the most 
substantial being video age (almost completely avoiding videos over a year old) but they include 
videos with a wide range of properties, including length and popularity, but not age. Research using 
the YouTube category API (including this thesis) should therefore not assume that it is a random 
sample. 
10.2 YouTube Video Metadata 
 
RQ2: What is the age, length, and popularity of videos in each YouTube category and how do these 
vary between categories? 
On average, videos differ substantially between categories in their average lengths, view counts, 
like counts, dislike counts and comment counts. 
There are also substantial differences in the age of videos across the categories, suggesting that some 
content is updated more regularly but it is not clear whether this applies to the category as a whole 
or the video selection mechanism differing between categories. Categories that have a greater range 
of newer content might be addressing viewer needs, but this cannot be proven from the data 
collected.  
RQ3: Which types of YouTube video are the most popular? 
The average popularity of each category is in Figure 9.1 and Figure 9.2. 
The category with the highest average overall and daily views is From TV, supporting a general trend 
that the individually most watched videos tend to be high quality content professionally produced 
as (passive) entertainment. Informational videos are also individually highly viewed, including How 
to, Cooking and Beauty. 
RQ4: Which categories of YouTube video do users comment on most? 
The average number of comments per video or per view in each category are in Figures 6.12, 6.13. 
and 6.14. 
There is substantial variation in the number of comments per view between categories (Figure 6.13). 
Comments indicate a higher level of engagement with a video or a desire to communicate with its 
producers or other viewers.  
Videos attracting the most comments per view cover participatory topics, such as Politics, Causes, 
DIY, How to, Gaming and Health. 
RQ5: How does the length, like count, dislike count and comment count of a YouTube video relate 
to its popularity? 
No video categories have a strong popularity preference to either short or long videos (Table 7.1).  
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In all categories, videos with more views tend also to have more likes, dislikes and comments but in 
almost all categories, the ratio of likes, dislikes and comments per view is lower for more popular 
videos (Figure 7.1). 
The Animation exception to the above rule may reflect more directly quality-driven rating practices. 
The main two other exceptions, Automotive and Non-profit, may reflect failed self-help advice and 
controversial topics, respectively. 
10.3 User Perspective 
Due to the convenience sample used to get a low non-response bias from a high survey return (81% - 
534/660), there is a sample selection bias towards people studying or working within the primary and 
higher education sectors. There is also a high proportion of female respondents. The survey broadly 
reflects the main US adult users of YouTube in terms of age and level of education.  
RQ6: What are the main gender and age differences in the types of YouTube video that are the most 
popular? 
There were too few male respondents to give clear answers to this question, although males seem to 
use a greater range of methods to access YouTube and may use it more regularly. 
RQ7: Which factors influence the decision to watch a YouTube video for different genders and ages? 
The main direct factors claimed by users to influence their decision to watch a video are its title and 
thumbnail (Figure 8.8). The category is also important (Figure 8.7). These are all content-related 
factors without substantial statistically significant age and gender differences. Most users are also 
prepared to accept recommendations from friends directly or via Facebook (Figure 8.10). All 
respondents, irrespective of gender or age, watch a substantial proportion of their YouTube videos 
through Facebook. These recommendations might be mediated by checks of video titles and 
thumbnails, however. 
UK YouTube users claim to be most influenced by the content of a video when deciding whether to 
watch it. Most are also prepared to follow recommendations from online contacts, but few claim to 
be concerned by video popularity. 
Users can be indirectly influenced in their watching decisions by the method that they use to find 
videos. The most popular method for finding and accessing YouTube videos for all respondents, 
gender, age and user level, is through the YouTube website and the App (with a slightly greater 
preference from younger respondents). For these, they will be presented with video suggestions from 
YouTube based on their viewing history. If, as seems likely, the YouTube selection algorithm takes 
popularity into account, then users may be indirectly influenced by popularity in what they watch by 
YouTube.  
10.4 Overall Conclusions 
RQ8: What influences the decision to watch a YouTube video? 
Combining the survey and metadata results, the main finding is that users are rarely influenced by 
popularity-related information when deciding to watch a video on YouTube. Instead they are primarily 
concerned with the content of a video, as reflected by its category, title and thumbnail, although they 
are prepared to be influenced by recommendations from online interpersonal relationships. 
An implication of the results is that marketing strategies to promote videos should focus on the 
content first, and, secondarily, seek to generate sharing through online relationships rather than 
focusing on attempting to generate popularity as a method to generate attention. 
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10.5 Further Research 
This thesis has not investigated why categories or types of video are more popular with UK YouTube 
users, which is an important omission. In addition, the categories are broad and there may be 
elements within that are particularly important to YouTube users and would provide greater depth to 
an understanding in popularity. It would also be useful to try and determine what ways YouTube 
videos are used by viewers. It could be that the popularity of the categories or types of video may also 
be linked to the reasons why users watch online videos. Collecting and analysing the data relating to 
why people are choosing to access specific content could also provide a wider picture in why some 
videos are more popular than others. In addition, this could also provide a wider range of information 
relating to factors that influence user’s decision making in watching videos. 
Since subscribing to YouTube channels is relatively popular with younger and regular users, it would 
be useful to establish the influence of this practice. Developing a better understanding of which types 
of user subscribe to YouTube channels would also provide a more detailed picture in what types or 
categories of videos are more or most popular, and could be investigated in gender, age and activity 
level of subscriber. It would also have provided a greater depth of information to investigate the 
number of hours per day that respondents were spending interacting with YouTube. This research 
only focused on broader user levels, Yearly, Monthly, Weekly and Daily, so any further information 
relating to how much time people are spending watching and interacting with YouTube videos daily 
would have helped to identify key users and their preferences and influences. Finally, further research 
into users preferred video length and whether this changes based on video type, category or reason 
for watching would help support producers understanding of the more specific needs of viewers.  
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1. YES (Describe below which groups and what measures you will take to respect their rights and safeguard 
them)  
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Appendix 2 
Consent to Participate in Research 
Research title: Identifying and modelling factors associated with the popularity of YouTube videos. 
Introduction 
My name is David Foster and I am a PhD research student at University of Wolverhampton. Would you be 
willing to complete a questionnaire to help with my research? You are being invited to participate in this 
research because you are an internet user.  
Purpose 
The purpose of my study is to determine and model the factors that have an impact on the popularity of 
YouTube videos. As part of this, I would like to know internet users’ opinions about the factors that influence 
their decisions to watch YouTube videos. If you complete the questionnaire then the information that you 
provide will be analysed and compared to data extracted from YouTube to determine any patterns and/or 
correlations in video popularity.  
Procedures 
If you agree to be in this research, then please read the information contained in this form and sign and return 
the consent form. Please make a note of your questionnaire number. You can request that I delete your 
answers at any stage in the future by sending me this number. The questionnaire should take no more than 10 
minutes to complete. Your responses will remain confidential and your identity will not be recorded with your 
answers. 
Please record your questionnaire number: ___________________________________________________ 
Questions 




Research title: Identifying and modelling factors associated with the popularity of YouTube videos. 
Please retain a copy of this information sheet for your records. 
If you wish to participate in this study, please sign and date below.    
Your Name (please print)  
   
       _______________ 
Your Signature     Date 
This questionnaire has received ethical approval from the University of Wolverhampton. 
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Appendix 3 
Version 1 of the questionnaire: 
How and why we watch YouTube videos 
When answering the following questions please enter your responses in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 





3) Which of the following formal qualifications have you completed?  
Standard qualifications (e.g. GCSE, O-Level)   
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)   
 
Higher Education (Undergraduate degree, Masters, Doctorate)   
 
 
4) If applicable what was the major subject of your undergraduate degree? 
 
 





6) How often do you generally watch YouTube videos? 
Daily   
 
Weekly   
 
Monthly   
 
Annually   
 
 
















Please specify  
 
8) If you use the YouTube website how do you find videos? 
Homepage  
 
Most viewed page  
 
Most popular page  
 






Please specify  
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9) Which of the following factors are important in deciding whether you watch a YouTube 





Number of likes  
 
Number of dislikes  
 
View count  
 
Number of comments  
 




Please specify  
 





Number of likes  
 
Number of dislikes  
 
View count  
 
Number of comments  
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Appendix 4 
Version 2 of the questionnaire: 
How and why we watch YouTube videos 
When answering the following questions please enter your responses in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 





3) Which of the following formal qualifications have you completed? (please select all that apply) 
Standard qualifications (e.g. GCSE, O-Level)   
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)   
 
Higher Education (Undergraduate degree, Masters, Doctorate)   
 
 
4) If applicable what was the major subject of your undergraduate degree? 
 
 




























If other please specify  
 
8) How do you find videos on the YouTube website? (select all that apply) 
Homepage videos  
 
Most viewed page  
 
Most popular page  
 






If other please specify  
 
9) Which of the following factors are important in deciding whether you watch a YouTube video? 
(please select all that apply) 




Number of likes  
 
Number of dislikes  
 
View count  
 
Number of comments  
 
Length of video  
 





Please specify  
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Appendix 5 
Version 3 of the questionnaire: 
How and why we watch YouTube videos 
When answering the following questions please enter your responses in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 







Prefer not to say  
 
 
3) Which of the following formal qualifications have you completed?  
(please put an ‘x’ in all relevant boxes) 
Standard qualifications (e.g. GCSE, O-Level)  
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)  
 
Higher Education (Undergraduate degree, Masters, Doctorate)  
 
 




5) On average how often have you watched YouTube videos in the past year?  
(please put an ‘x’ in the relevant box) 
On most days I have watched at least one YouTube video  
 
During most weeks I have watched at least one YouTube video  
 
During most months I have watched at least one YouTube video  
 
During the past year I have watched at least one YouTube video  
 
I never watch YouTube videos  
 
 
6) How do you usually access YouTube videos?  
(please select, using an ‘x’, the ones you have used in the last year) 
Through accessing the YouTube website  
 
From a hyperlink sent to you in an email  
 
From a hyperlink in a Blog  
 
From a hyperlink or post on Facebook  
 
From a hyperlink or Tweet on Twitter  
 




If other please specify  
 
7) If you are using the YouTube website how do you find videos? 
(please select, using an ‘x’, all that apply) 
Videos posted on the homepage  
 
Videos posted on the most popular page   
 
Videos posted on the most viewed page  
 
Videos posted on your subscriptions page  
 
Videos posted on the recommendations bar  
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If other please specify  
 
8) How important do you feel the following are when deciding whether to view a YouTube video? 


















































































9) Considering the last 10 videos that you have watched on YouTube, how often have the 
following influenced your decision to watch?  
(please use an ‘x’ to rate each) 
 Never Rarely Sometimes Mostly Always 




































































































If other please specify  
 
10) What type(s) of video do you typically watch in YouTube?  
















































If other please specify  
 
11) Are there any further comments you would like to make about how you find YouTube videos? 
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Appendix 6 
Version 4 of the questionnaire: 
How and why you watch YouTube videos 
Please answer the questions in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 







Prefer not to say  
 
 
3) Which of the following formal qualifications have you completed?  
(please put an ‘x’ in all relevant boxes) 
School qualifications (e.g. GCSE, O-Level)  
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)  
 
Higher Education (Undergraduate degree, Masters, Doctorate)  
 
 




5) On average how often have you watched YouTube videos in the past year?  
(please put an ‘x’ in the box for the highest (most frequent) option that applies) 
On most days I have watched at least one YouTube video  
 
During most weeks I have watched at least one YouTube video  
 
During most months I have watched at least one YouTube video  
 
During the past year I have watched at least one YouTube video  
 
I have not watched YouTube videos in the past year  
 
 
6) How have you accessed YouTube videos in the past year?  
(please select, using an ‘x’, all the methods that you have used in the last year) 
Through searching or browsing the YouTube website  
 
From a hyperlink sent to you in an email  
 
From a hyperlink in a Blog  
 
From a hyperlink or post on Facebook  
 
From a hyperlink or Tweet on Twitter  
 




If other please specify  
 
7) Which of the following methods have you used, if any, to find videos through the YouTube 
website in the past year? 
(please select, using an ‘x’, all that apply) 
Videos posted on the YouTube homepage  
 
Videos posted on the YouTube most popular page   
 
Videos posted on the YouTube most viewed page  
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Videos posted on your YouTube subscriptions page  
 
Videos posted on the YouTube website recommendations bar  
 




If other please specify  
 
8) Considering only the most recent videos that you have watched on YouTube, how often have 
the following influenced your decision to watch?  
(please use an ‘x’ to rate each) 
 Never Rarely Sometimes Mostly Always 
The official YouTube category of 





































































































If other please specify  
 
9) Which of the following would you consider when deciding NOT to watch a video on YouTube? 








The official YouTube category of the video 





























































If other please specify  
 
10) Which type(s) of video have you watched in YouTube during the past year?  


















































If other please specify  
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Appendix 7 
Version 5 of the questionnaire: 
How and why you watch YouTube videos 
Please answer the questions in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 







Prefer not to say  
 
 
3) Which of the following formal qualifications have you completed?  
(please put an ‘x’ in all relevant boxes) 
School qualifications (e.g. GCSE, O-Level)  
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)  
 
Higher Education (Undergraduate degree, Masters, Doctorate)  
 
 




5) On average how often have you watched YouTube videos in the past year?  
(please put an ‘x’ in the box for the highest (most frequent) option that applies) 
On most days I have watched at least one YouTube video  
 
During most weeks I have watched at least one YouTube video  
 
During most months I have watched at least one YouTube video  
 
During the past year I have watched at least one YouTube video  
 
I have not watched YouTube videos in the past year  
 
 
6) How have you accessed YouTube videos in the past year?  
(please select, using an ‘x’, all the methods that you have used in the last year) 
Through searching or browsing the YouTube website  
 
From a hyperlink sent to you in an email  
 
From a hyperlink in a Blog  
 
From a hyperlink or post on Facebook  
 
From a hyperlink or Tweet on Twitter  
 




If other please specify  
 
7) Which of the following methods have you used, if any, to find videos through the YouTube 
website in the past year? 
(please select, using an ‘x’, all that apply) 
Videos posted on the YouTube homepage  
 
Videos posted on the YouTube most popular page   
 
Videos posted on the YouTube most viewed page  
 
Videos posted on your YouTube subscriptions page  
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Videos posted on the YouTube website recommendations bar  
 




If other please specify  
 
8) Considering only the most recent videos that you have watched on YouTube, how often have 
the following influenced your decision to watch?  
(please use an ‘x’ to rate each) 
 Never Rarely Sometimes Mostly Always 
The official YouTube category of 





































































































If other please specify  
 
9) Which type(s) of video have you watched in YouTube during the past year?  
















































If other please specify  
 






Thank you for completing this questionnaire – your time is very much appreciated. 
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Appendix 8 
Version 6 of the questionnaire: 
How and why you watch YouTube videos 
Please answer the questions in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 







Prefer not to say  
 
 
3) Which of the following formal qualifications have you completed?  
(please put an ‘x’ in all relevant boxes) 
School qualifications (e.g. GCSE, O-Level)  
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)  
 
Higher Education (Undergraduate degree, Masters, Doctorate)  
 
 




5) On average how often have you watched YouTube videos in the past year?  
(please put an ‘x’ in the box for the highest (most frequent) option that applies) 
On most days I have watched at least one YouTube video  
 
During most weeks I have watched at least one YouTube video  
 
During most months I have watched at least one YouTube video  
 
During the past year I have watched at least one YouTube video  
 
I have not watched YouTube videos in the past year  
 
 
6) How have you accessed YouTube videos in the past year?  
(please select, using an ‘x’, all the methods that you have used in the last year) 
Through searching or browsing the YouTube website  
 
From a hyperlink sent to you in an email  
 
From a hyperlink in a Blog  
 
From a hyperlink or post on Facebook  
 
From a hyperlink or Tweet on Twitter  
 




If other please specify  
 
7) Which of the following methods have you used, if any, to find videos through the YouTube 
website in the past year? 
(please select, using an ‘x’, all that apply) 
Videos posted on the YouTube homepage  
 
Videos posted on the YouTube most popular page   
 
Videos posted on the YouTube most viewed page  
 
Videos posted on your YouTube subscriptions page  
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Videos posted on the YouTube website recommendations bar  
 




If other please specify  
8) Which type(s) of video have you watched in YouTube during the past year?  
















































If other please specify  
 
9) Considering only the most recent videos that you have watched on YouTube, how often have 
the following influenced your decision to watch?  
(please use an ‘x’ to rate each) 
 Never Rarely Sometimes Mostly Always 
The official YouTube category of 





































































































If other please specify  
 






Thank you for completing this questionnaire – your time is very much appreciated. 
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Appendix 9 
Version 7 and final version of the questionnaire: 
How and why you watch YouTube videos 
Please answer the questions in the shaded areas. 
1) What is your age? (please put an ‘x’ in the relevant box) 
18 to 24  
 
25 to 34  
 
35 to 44  
 
45 to 54  
 
55 +  
 
 







Prefer not to say  
 
 
3) Which of the following formal qualifications have you completed?  
(please put an ‘x’ in all relevant boxes) 
School qualifications (e.g. GCSE, O-Level)  
 
Further Education (e.g. A-Level, BTEC, GNVQ, Fd)  
 
Higher Education (Undergraduate degree, Masters, Doctorate)  
 
 
4) If applicable, what was the major subject of your undergraduate degree? 
 
 
5) On average how often have you watched YouTube videos in the past year?  
(please put an ‘x’ in the box for the highest (most frequent) option that applies) 
On most days I have watched at least one YouTube video  
 
During most weeks I have watched at least one YouTube video  
 
During most months I have watched at least one YouTube video  
 
During the past year I have watched at least one YouTube video  
 
I have not watched YouTube videos in the past year  
 
 
6) How have you accessed YouTube videos in the past year?  
(please select, using an ‘x’, all the methods that you have used in the last year) 
Through searching or browsing the YouTube website  
 
Through the YouTube app (phone or tablet)  
 
From a hyperlink sent to you in an email  
 
From a hyperlink in a Blog  
 
From a hyperlink or post on Facebook  
 
From a hyperlink or Tweet on Twitter  
 
From a verbal recommendation  
 




If other please specify  
 
7) Which of the following methods have you used, if any, to find videos through the YouTube 
website in the past year? 
(please select, using an ‘x’, all that apply) 
Videos posted on the YouTube homepage  
 
Videos posted on the YouTube most popular page   
 
Videos posted on the YouTube most viewed page  
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Videos posted on your YouTube subscriptions page  
 
Videos posted on the YouTube website recommendations bar  
 




If other please specify  
8) Which type(s) of video have you watched in YouTube during the past year?  
















































If other please specify  
 
9) Considering only the most recent videos that you have watched on YouTube, how often have 
the following influenced your decision to watch?  
(please use an ‘x’ to rate each) 
 Never Rarely Sometimes Mostly Always 
The official YouTube category of 





































































































If other please specify  
 






Thank you for completing this questionnaire – your time is very much appreciated. 
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Appendix 10 
Further discussion relating to YouTube API data: 
The following tables show the accumulated, processed and organised data from the ‘Five Day 
Searches’ and have been colour graded to show the differences between the values within each of the 
tables – the more prominent the green the higher the values, the more prominent the red the lower 
the values and yellow representing the mid-range values. 
There are fluctuations in the percentages of repeats between searches (Table A.1) and there seems to 
be more substantial repeats at points (‘2 and 3 to 6 and 7’ and ’18 and 19 to 19 and 20’). This suggests 
influxes of significant amounts of new videos being uploaded to YouTube at these points or could just 
be random. 
Within the categories Automotive, Causes and Non-profit there seem to be a high level of repeats 
maintained suggesting a lower turnover or less videos that are uploaded to or within these categories 
(Table A.1). The API has fewer overall videos to select from when providing information for a search. 
Animation, Comedy, How-to and News seem to have lower repeats across the searches suggesting 
either a higher turnover more videos for the API to select from. 
Comparing the data (Table A.1) with previous findings (Table 5.1) it seems that submitting the searches 
over a greater period between searches that at points there is a slightly greater chance of getting 
repeats in the API samples that are extracted. This seems illogical as new videos are being uploaded 
to YouTube at a significant rate and daily (Welbourne and Grant, 2016; Gaunt, 2015; Barry et al., 2014; 
Thelwall et al., 2012; Burgess and Green, 2009; Freeman and Chapman, 2007; Gill et al., 2007) and 
would provide the API with a greater selection from which to extract a sample. It could be that there 
was a change in the way that the YouTube API selected the videos between when the daily searches 
and Five Day Searches were submitted. These differences across the Daily and Five Day Searches could 
also just reflect the possible random nature of how the API selects videos for each sample. 
Nevertheless, further comparison and analysis of the data (Tables 5.1 and A.1) shows that there are 
less fluctuations and more consistency in the percentages of repeats for the Daily Searches suggesting 
that the repeats are more consistent than those submitted 5 days apart.  
Table A.1. Five Day Searches - The percentage of videos in each search that also occurred in the next search. 
High values are green, mid-range values are yellow and low values are red. 
Search 1 - 2 2 - 3 3 - 4 4 - 5 5 - 6 6 - 7 7 - 8 8 - 9 9 - 10 10 - 11 11 - 12 12 - 13 13 - 14 14 - 15 15 - 16 16 - 17 17 - 18 18 - 19 19 - 20 
Animation 58.94 82.38 70.56 72.58 80.89 77.13 48.27 63.17 60.73 57.69 47.63 39.56 60.57 69.53 55.53 61.77 55.04 88.01 77.35 
Automotive 85.08 95.38 91.58 91.52 90.74 91.92 79.12 86.35 86.12 86.50 80.82 75.55 84.20 90.98 87.32 85.34 81.78 95.94 93.33 
Beauty 59.04 80.96 73.39 61.09 80.16 75.81 54.56 57.78 65.25 62.91 58.27 51.41 63.29 69.03 67.40 53.23 56.79 87.47 79.68 
Best of 49.40 74.15 71.57 58.47 74.44 73.99 46.45 57.37 59.19 60.66 52.62 41.94 56.59 64.17 62.98 59.07 55.35 84.39 77.06 
Causes 84.88 93.60 92.37 85.54 87.63 88.58 82.16 86.06 84.94 86.94 79.72 77.87 86.60 89.78 86.57 85.14 83.57 95.34 90.40 
Comedy 49.49 75.30 66.26 54.58 71.34 70.21 42.86 51.04 51.63 51.43 47.40 41.62 54.67 60.48 56.65 51.41 47.78 79.51 73.68 
Cooking 65.92 86.62 75.76 73.58 80.08 79.32 54.96 69.07 65.45 65.36 58.70 50.40 70.04 75.30 69.22 66.53 62.10 90.06 83.13 
DIY 54.56 82.69 71.52 70.54 80.16 79.55 54.05 66.81 58.79 63.75 56.05 48.47 62.53 74.55 66.26 64.63 57.14 91.31 81.14 
Education 71.40 89.21 83.84 77.15 79.55 79.55 64.17 72.44 68.08 71.69 68.15 63.80 72.34 81.41 80.69 76.22 64.99 83.43 80.53 
Entertainment 52.31 78.71 77.06 62.35 77.41 72.61 42.91 58.32 56.91 58.70 62.37 49.60 60.72 66.47 65.73 65.91 57.55 83.70 79.76 
Fashion 63.40 85.22 79.80 72.49 80.86 77.60 53.35 64.50 62.96 63.09 53.12 45.56 59.12 72.87 67.54 64.79 59.39 89.84 82.36 
From TV 50.31 77.54 70.68 64.86 78.09 70.49 47.59 57.11 61.52 67.28 66.53 49.29 66.60 68.74 70.28 66.53 65.16 83.37 79.96 
Gaming 65.05 83.43 83.23 70.30 79.92 80.85 56.94 68.15 65.11 67.29 62.02 53.05 62.22 69.04 67.89 66.06 62.02 87.90 82.19 
Health 62.68 85.45 80.44 75.35 76.63 80.25 63.89 69.83 66.74 64.02 57.43 53.12 69.92 73.89 69.22 66.60 63.43 88.55 82.39 
How to 47.24 79.11 66.13 58.91 71.25 69.15 38.19 46.75 48.19 45.42 43.81 27.24 42.74 51.51 49.19 51.01 39.34 84.43 75.56 
Lifestyle 76.21 88.45 80.85 78.09 85.51 86.21 69.72 75.10 77.08 76.42 71.77 65.32 77.15 80.61 77.96 78.63 72.95 89.70 88.26 
News 47.69 73.81 69.73 59.54 71.89 65.47 39.14 47.44 49.80 54.13 49.18 32.20 46.79 57.92 53.33 53.02 41.12 81.96 71.43 
Non-profit 89.36 95.77 95.37 93.00 96.26 92.79 80.71 87.24 89.18 90.17 89.00 86.37 88.58 93.19 92.00 91.40 88.73 96.77 93.57 
Politics 75.05 89.14 85.48 79.11 87.14 86.88 67.35 71.96 74.85 78.02 74.45 66.73 78.11 83.00 82.22 81.74 75.41 93.37 89.66 
Science 66.73 85.92 78.30 76.63 84.65 82.65 62.55 70.90 68.83 67.41 60.04 50.30 65.12 77.94 73.75 68.90 67.14 93.25 87.58 
Sports 62.55 86.91 80.49 66.60 81.84 79.72 55.38 62.40 64.68 64.10 64.42 56.43 64.59 70.64 65.99 67.54 64.11 91.35 84.54 
Tech 60.24 86.29 77.44 69.57 79.75 77.98 55.89 64.43 69.18 67.35 66.26 53.78 68.98 71.17 69.59 65.79 62.68 85.71 78.14 
 
The percentage of repeats decreases over the period of the 20 searches (over a 95 day period) (Table 
A.2) and is similar to the daily search data (Table 5.2). When searches are taken over a longer period 
the percentage of repeated videos reduces. Also, comparing the data (Tables 5.2 and A.2), the rate at 
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which the repeated videos reduces is different for each of the categories. Although Automotive, 
Causes and Non-profit have a reduction in the percentage of their repeats these remain higher than 
the other categories. Which was also the case for these categories within previous data (Table 5.2). 
The categories How-to, News and Comedy have a quicker and more substantial reduction in the 
percentages of their repeats and this is the case for both the daily and Five Days searches (Tables 5.2 
and A.2). This further suggests that these categories have a higher turnover of new material, have an 
overall higher number of videos or both. 
For the category News, unlike the other data collected (Table 5.2) where after 15 searches there were 
no further repeats with the first search, this shows (Table A.2) that there continue to be repeats across 
the 20 searches (and period of 95 days). It is difficult, just from this data collected, to be able to 
accurately determine the reason for this substantial difference between the two sets of data, 
particularly considering the much longer overall time frame during which the Five Day Searches were 
submitted. There could have been a change in the way that API selects it sample between the periods 
that the Daily and Five Day Searches were submitted. 
Table A.2. Five Day Searches - The percentage of videos in the first search that also occurred in each 
subsequent search. High values are green, mid-range values are yellow and low values are red. 
Search 1 - 2 1 - 3 1 - 4 1 - 5 1 - 6 1 - 7 1 - 8 1 - 9 1 - 10 1 - 11 1 - 12 1 - 13 1 - 14 1 - 15 1 - 16 1 - 17 1 - 18 1 - 19 1 - 20 
Animation 58.94 60.25 55.44 53.23 52.31 49.69 44.40 42.18 40.08 36.03 29.90 31.53 29.47 27.40 26.56 27.57 23.79 21.54 22.44 
Automotive 85.08 84.54 83.57 82.02 80.08 79.80 74.70 72.51 70.62 69.94 66.12 68.14 66.40 65.53 65.19 63.45 62.55 62.07 62.22 
Beauty 59.04 57.52 54.44 50.60 50.31 45.36 43.81 41.01 39.39 40.16 35.89 36.29 34.48 33.00 33.20 32.26 27.57 28.95 26.96 
Best of 49.40 47.90 46.57 43.15 44.58 42.74 39.55 40.61 37.17 34.43 29.64 31.85 29.61 29.76 27.97 28.23 26.34 27.31 28.17 
Causes 84.88 84.60 84.54 81.12 80.53 80.76 78.76 78.18 75.90 76.94 73.09 74.65 72.60 73.15 72.55 70.88 70.54 70.45 69.60 
Comedy 49.49 46.36 42.28 42.57 42.04 41.25 36.33 34.79 33.27 31.43 30.40 27.27 28.05 26.41 22.58 24.10 22.58 21.50 21.86 
Cooking 65.92 65.39 60.61 57.11 56.02 55.06 51.03 50.00 49.29 42.68 37.85 38.20 37.45 37.15 34.61 36.49 31.85 32.86 32.13 
DIY 54.56 55.19 53.74 50.90 50.40 48.99 44.74 42.59 38.99 36.46 31.85 31.49 29.86 30.30 28.46 26.83 22.13 22.22 22.92 
Education 71.40 72.91 69.49 67.94 66.60 65.99 59.11 61.80 56.16 55.19 53.43 52.76 52.10 51.52 51.22 47.76 43.46 45.66 47.26 
Entertainment 52.31 50.60 48.09 44.94 44.98 43.15 37.04 37.58 36.79 35.83 33.60 33.00 31.06 32.73 31.46 32.44 33.27 32.80 30.57 
Fashion 63.40 63.77 61.01 54.82 52.88 50.51 42.39 42.80 39.47 37.11 35.41 27.42 31.06 30.97 31.05 30.18 27.88 28.05 29.06 
From TV 50.31 50.76 49.40 46.18 46.38 44.16 44.23 47.42 45.49 43.62 40.47 40.94 39.00 38.68 41.16 38.48 36.68 36.67 37.19 
Gaming 65.05 63.43 61.21 56.16 54.97 54.84 50.10 48.39 45.23 48.54 44.24 44.92 40.40 39.51 39.43 37.95 33.13 33.47 34.41 
Health 62.68 63.03 62.70 61.01 57.11 58.23 52.94 51.86 50.41 54.07 44.18 46.68 44.72 44.13 42.86 42.05 43.03 43.57 41.70 
How to 47.24 46.45 40.73 38.26 35.93 33.67 30.39 23.98 23.99 20.98 18.66 16.26 16.33 17.71 15.73 16.13 14.34 14.75 14.26 
Lifestyle 76.21 73.81 70.56 72.01 69.18 67.28 66.26 65.84 63.08 60.77 58.87 58.47 55.31 54.95 54.31 53.23 51.23 50.71 49.60 
News 47.69 43.92 39.88 38.80 37.34 34.74 29.51 29.70 27.71 26.24 23.57 17.60 19.48 18.24 17.37 17.74 15.08 15.03 14.49 
Non-profit 89.36 89.13 88.33 86.60 86.07 86.03 80.29 79.01 78.56 78.03 78.60 74.95 73.55 72.95 71.80 70.40 70.22 70.56 70.08 
Politics 75.05 72.34 70.36 65.52 65.35 67.31 61.22 64.95 62.27 61.90 59.15 59.92 57.03 56.28 56.57 54.36 53.46 54.22 53.75 
Science 66.73 66.53 61.87 60.98 59.96 59.59 54.94 51.02 49.80 46.56 42.17 43.64 43.15 43.72 42.29 41.67 39.80 39.67 39.31 
Sports 62.55 61.96 60.57 58.55 55.71 54.36 50.71 49.80 48.25 47.67 46.01 41.97 41.85 43.74 39.88 39.72 40.12 37.83 37.35 
Tech 60.24 60.28 59.35 55.78 53.78 52.67 47.76 46.34 45.51 43.47 42.63 44.79 43.27 41.72 41.22 41.05 40.97 40.82 39.47 
 
There are generally a high proportion of videos, across the categories, which were not repeated 
throughout the 20 samples extracted from YouTube (Table A.3). Nevertheless, the categories Non-
profit, Causes and Automotive have a much higher percentage of videos, than the other categories, 
that have appeared within all 20 searches. This suggests that these categories possibly have a lower 
overall number of videos for the API to choose from when extracting a sample. Alternatively, it might 
suggest that the YouTube API changes the way in which it searches based on the category. 
Unfortunately, as this is a sample of YouTube any generalisations cannot be applied to all YouTube API 
searches. When the data (Table A.3) is compared to the data extracted for the Daily Searches, (Table 
5.3), the overall percentage of videos without repeat is much less and does not follow the same 
patterns in the categories. For example, News has 55% of its Five Day Searches videos not repeated 
(Table A.3), but only 30% of Daily Searches videos not repeated (Table 5.3). This also occurs for some 
other categories and shows that there is a clear difference in the types of sample provided by the two 
different search approaches. Again, this could be explained by either a change in the way that the API 
chooses it sample (each time or for each category) or it could be a result of the API selecting videos at 
random that have caused these noticeable differences. Overall, both sets of data (Tables 5.3 and A.3) 
show that there are generally more videos that are not repeated across the searches and most of the 
ones that are repeated are only repeated two times.  
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Table A.3. Five Day Searches - The percentage of video appearances during the 95 day period. High values are 
green, mid-range values are yellow and low values are red. 
No of appearances 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 
News 54.9 16.5 10.0 4.4 2.8 2.1 1.5 1.3 0.8 1.1 0.8 0.9 0.6 0.3 0.1 0.3 0.4 0.2 0.6 0.4 
How to 53.3 16.4 11.0 5.3 3.2 2.2 1.7 1.3 0.9 0.8 0.8 0.5 0.5 0.2 0.5 0.2 0.2 0.3 0.1 0.5 
Best of 48.4 16.0 8.9 4.8 3.3 2.9 2.4 2.0 1.4 1.3 1.5 0.9 0.9 0.6 0.7 0.6 0.5 0.5 0.9 1.6 
DIY 48.2 15.2 9.5 4.4 3.3 2.4 2.5 2.3 1.1 1.4 0.9 1.2 1.4 0.6 0.8 0.6 0.6 0.7 0.8 2.2 
Animation 46.4 15.4 9.6 5.2 3.7 2.9 3.0 2.7 1.6 1.4 1.1 0.9 1.0 0.5 0.8 0.5 0.4 0.9 0.7 1.3 
Comedy 45.8 16.3 11.3 7.2 3.8 3.0 2.2 1.9 1.5 1.2 1.1 0.5 0.8 0.6 0.4 0.3 0.7 0.4 0.3 0.7 
Tech 44.6 14.8 7.6 5.3 2.5 3.0 3.0 2.1 1.8 1.1 1.4 1.8 1.4 0.7 1.0 1.0 1.0 0.8 1.6 3.5 
Fashion 44.1 13.4 8.3 6.3 3.8 3.3 3.5 3.3 2.2 1.8 1.7 1.2 0.9 0.9 0.7 0.8 0.6 0.4 0.6 2.2 
Entertainment 44.0 15.1 9.8 5.0 3.4 3.2 2.8 2.2 2.3 1.8 1.6 1.2 1.2 1.1 0.8 0.7 0.7 0.6 1.1 1.4 
Beauty 42.4 14.7 9.8 5.9 3.4 3.6 2.8 2.5 2.1 1.6 1.3 1.3 1.4 1.2 0.8 1.5 0.7 0.5 0.8 1.7 
Gaming 42.4 13.9 9.6 5.1 4.2 3.2 3.3 2.3 1.9 1.2 1.2 1.2 1.4 0.8 0.8 0.8 1.1 0.6 1.1 4.0 
Health 41.4 12.4 7.5 4.3 4.3 3.2 4.0 2.1 2.3 2.3 1.8 1.6 1.9 1.3 1.5 0.9 0.8 0.9 1.9 3.5 
From TV 41.1 15.9 9.1 5.5 4.2 3.0 2.6 1.9 1.8 1.4 1.4 1.6 1.1 0.8 1.0 0.9 1.1 1.5 1.6 2.4 
Sports 40.8 13.7 10.0 5.5 3.6 3.1 3.0 2.7 2.0 1.8 1.4 1.5 1.2 0.9 1.1 1.0 0.7 1.0 1.6 3.5 
Science 36.3 13.0 8.9 6.4 4.9 3.4 4.1 3.2 1.8 2.0 1.5 1.8 1.3 1.0 1.4 1.0 1.3 1.1 1.9 3.9 
Education 35.8 10.1 6.5 5.9 3.3 3.5 4.0 2.7 2.5 2.6 3.1 2.1 2.0 1.9 1.9 1.0 1.6 2.3 2.0 5.1 
Politics 35.3 10.4 6.0 4.0 3.1 2.7 3.2 2.6 2.7 2.4 2.3 2.4 2.0 2.1 1.8 2.4 2.0 1.6 2.8 8.2 
Cooking 34.6 12.6 10.4 6.8 5.7 3.8 3.6 3.1 2.9 2.1 1.9 1.5 1.7 1.3 1.1 0.8 1.0 0.7 1.1 2.9 
Lifestyle 28.2 11.3 7.6 5.6 4.3 4.3 3.7 2.7 2.7 2.2 1.9 1.9 2.7 1.7 2.2 1.8 1.8 1.8 3.2 8.3 
Causes 27.3 7.9 6.7 4.2 3.3 2.8 2.2 2.5 2.2 1.9 1.7 2.1 2.2 1.3 1.9 2.1 1.4 1.8 4.3 20.0 
Non-profit 15.5 6.2 5.5 3.6 3.9 3.4 3.9 2.4 2.1 2.2 2.7 2.8 3.0 1.4 2.3 2.2 2.1 2.4 7.9 24.4 
Automotive 13.2 7.8 6.6 4.9 3.3 3.0 2.9 3.4 4.1 4.1 3.5 3.2 4.1 3.2 3.1 2.5 3.1 2.4 6.0 16.0 
 
Comparing both sets of data relating to videos with no repeats (Tables 5.3 and A.3) shows that there 
are substantial differences between the Daily and Five Day Searches for most of the categories. 
However, this would be expected due to the different number of searches (30 for the Daily and 20 for 
the Five Day). Taking this into consideration there is still substantial variation in terms of what the API 
has returned. It is therefore impossible to determine the exact cause of the difference and it could be 
due to the different amount of searches, it could be merely random or there may have been a change 
in the way in which the API chooses the videos. 
Table A.4. Compares the percentage of videos across the Five Day Searches and Daily Searches that have no 
repeats. High values are green, mid-range values are yellow and low values are red. 
Appearance 
5DS - No 
Repeat 
DS - No 
Repeat 
News 54.9 29.6 
How to 53.3 16.0 
Best of 48.4 55.6 
DIY 48.2 54.3 
Animation 46.4 58.3 
Comedy 45.8 47.3 
Tech 44.6 68.1 
Fashion 44.1 63.0 
Entertainment 44.0 58.7 
Beauty 42.4 55.7 
Gaming 42.4 37.5 
Health 41.4 68.8 
From TV 41.1 17.3 
Sports 40.8 61.6 
Science 36.3 69.5 
Education 35.8 68.4 
Politics 35.3 66.7 
Cooking 34.6 66.8 
Lifestyle 28.2 68.5 
Causes 27.3 63.1 
Non-profit 15.5 26.9 
Automotive 13.2 69.6 
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Again there are substantial differences between the percentages of videos that appeared all searches 
(Table A.5).  However, as with the comparison of the videos with no repeat (Table A.4) there are too 
many variables in order to determine any specific conclusions about the API and how it selects videos. 
The only key finding within this data (Table A.5) is that the percentage are substantially lower than 
those for videos without repeat (Table A.4). 
Table A.5. Compares the percentage of videos across the Five Day Searches and Daily Searches that have 
appeared within every search. High values are green, mid-range values are yellow and low values are red. 
Appearance 5DS - All DS - All 
Non-profit 24.4 2.6 
Causes 20.0 1.9 
Automotive 16.0 0.8 
Lifestyle 8.3 1 
Politics 8.2 1.1 
Education 5.1 0.4 
Gaming 4.0 0.7 
Science 3.9 0.6 
Health 3.5 0.7 
Sports 3.5 0.4 
Tech 3.5 0.9 
Cooking 2.9 1 
From TV 2.4 0.2 
Fashion 2.2 0.1 
DIY 2.2 0.9 
Beauty 1.7 0.5 
Best of 1.6 0.1 
Entertainment 1.4 0 
Animation 1.3 0.6 
Comedy 0.7 0.3 
How-to 0.5 0.4 
News 0.4 0 
 
Due to the difference in the searches, i.e. the number of searches for each it is more appropriate to 
compare the average percentage difference between searches for both search methods (Figures A.1 
and A.2). the average percentage difference between the subsequent Five Day searches reduces 
across the categories (Figure A.1). Whereas, for the Daily searches the number of videos that are not 
repeated on average goes up between subsequent searches, except for education (Figure A.2). This 
data (Figures A.1 and A.2) would generally suggest that there is a greatly likelihood of having less 
repeats if searching daily. However, based on other data collected it could also suggest that there has 
been a change in the way in which the API selects videos. 
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Figures A.1, A.2 . The average percentage difference of non-repeated videos between concurrent Five Day 
and Daily searches, in the same order.  
The data (Table A.6) shows that the four categories that have the highest number of videos that have 
appeared within every search (across the 20 searches) have substantially lower number for the metrics 
relating to ‘Dislikes’, ‘Likes’, ‘View Count’ and ‘Comments’, however, this is not consistent throughout 
the other categories. Due to the significant variation in the means for each of the metrics for the 
categories there is no obvious pattern that suggests that the API is focusing on any metric. This further 
supports the idea that the API may just take a random sample from the videos within a category and 
that this is not based on or related to any of the associated metrics. 
As with the Daily search data (Table 5.4) the mean average for the number of dislikes (Table A.6) is 
also significantly less than the average of likes across all categories for the videos appearing within all 
the searches. This suggests that people are more likely to respond positively to videos than negatively. 
It can also be noted that the metrics for each of the categories appear to be higher with the Five Day 
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Table A.6. Five Day Searches – Number of videos and associated mean data for videos appearing in all 
searches. High values are green, mid-range values are yellow and low values are red. 
 Videos Days 
Title 
Words Dislikes Likes 
View 
Count Comments Length 
Causes 226 878 7 84 597 124841 290 674 
Non-profit 219 873 8 7 204 31980 55 847 
Automotive 156 755 8 10 233 52796 50 728 
Politics 121 757 8 106 2528 275877 614 1899 
Lifestyle 119 622 7 673 5752 1506784 1070 1008 
Gaming 89 299 8 957 45943 2900792 8645 1423 
Education 83 951 8 126 5088 467329 1281 1481 
Tech 77 589 7 292 8537 795042 1867 2039 
Science 75 599 8 597 13326 1986541 2136 1516 
Sports 75 788 8 611 9559 2770814 2192 716 
Health 71 846 8 147 3816 479974 943 1565 
Cooking 59 604 8 820 11658 4653021 1760 689 
DIY 59 101 9 492 37948 967735 3901 482 
Fashion 55 473 9 456 8010 1484656 1370 835 
From TV 53 1009 8 894 14572 3886478 4105 782 
Best of 44 501 9 2312 37756 12477644 4553 4516 
Beauty 41 507 8 12923 79381 14852211 17853 1013 
Entertainment 36 615 9 903 28701 5420723 5247 918 
Animation 35 332 9 2755 57178 8848304 4594 516 
Comedy 22 613 10 735 13435 3281621 1464 2493 
How to 17 524 10 752 19737 3272278 2389 902 
News 15 550 9 1027 11016 3944642 3952 3981 
 
There is substantial variation across the categories in the number of videos that had no repeats from 
News with ‘1994’ and Automotive with ‘129’ (Table A.7). It is clear from each of the metrics columns 
that there is substantial variation in the means associated with each category, therefore there is no 
clear pattern in what the API might focus on in how it selects videos.  
The categories which have lowest number of videos with no repeats, e.g. Automotive, Non-profit, 
Causes, Lifestyle, Politics and Education have some of the lowest means in their associated metrics 
(Table A.7). However, if this was a factor taken into consideration by the API then it would be 
consistent across all the categories. 
From comparing the data (Tables A.6 and A.7), the mean averages for the metrics are lower and the 
number of videos with no repeat are higher, therefore it seems that the API is more likely to extract 
videos that have slightly higher metrics on multiple occasions, but does not base all its selections on 
video metrics. It seems again, as with the Daily Searched (Table 5.5), that videos with lower metrics 
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Table A.7. Five Day Searches – Number of videos and associated mean data for videos with no repeat. High 
values are green, mid-range values are yellow and low values are red. 
No Repeat Videos Days Title Words Dislikes Likes 
View 
Count Comments Length 
News 1994 77 10 87 1661 212823 505 742 
How to 1982 343 9 197 5692 492588 891 688 
Comedy 1397 218 11 59 813 211099 277 2600 
Best of 1364 222 9 213 4453 776425 582 2057 
DIY 1289 226 8 64 2848 144060 326 444 
Animation 1276 297 10 127 3249 472701 530 2301 
Entertainment 1102 293 10 29 580 96665 107 806 
Fashion 1082 133 9 52 1111 141048 141 548 
Beauty 1024 266 9 83 2834 190222 336 786 
Tech 994 132 9 23 666 61422 161 939 
Gaming 947 62 11 50 1814 71145 381 1466 
From TV 907 370 10 151 1645 617418 581 752 
Sports 876 172 10 35 706 101417 189 659 
Health 830 219 9 7 214 19383 236 1032 
Science 698 357 9 148 3212 463028 1475 1491 
Cooking 695 444 8 76 1464 364591 274 546 
Education 586 274 9 8 138 17622 72 945 
Politics 520 180 9 6 90 17026 143 1084 
Lifestyle 403 225 8 19 325 19591 59 588 
Causes 309 230 8 5 73 8302 260 364 
Non-profit 139 346 8 1 37 3264 59 675 
Automotive 129 429 8 3 62 16598 131 455 
 
The percentages relating to each of the bands (Table A.8) appear to be more spread out than the data 
representing the Daily searches (Table 5.6) going more into the ‘5001 to 10000’ and 10001 to 50000’ 
bands, however, there is still a higher percentage of videos within the ‘0 to 10’ banding. Once again, 
the Automotive, Education and Non-profit categories have the highest percentage of videos falling 
within the ‘0 to 10’ comments band suggesting that these categories receive a slightly lower 
proportion of video comments (Table A.8). Overall there does not appear to be any substantial 
similarities within each of the bandings when compared across the different categories. There does 
seem to be slight peaks in the ‘0 to 10’ and ‘101 to 500’ bandings similar to other findings (Table 5.6), 
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Table A.8. Five Day Searches – Percentage of videos per grouping of comments. High values are green, mid-
range values are yellow and low values are red. 
























































































































Animation 15.09 6.55 5.36 3.92 2.65 10.18 21.26 8.32 16.51 4.23 5.69 0.26 0 
Automotive 57.82 10.81 4.63 3.83 2.26 9.04 8.35 1.2 1.37 0.25 0.39 0.04 0 
Beauty 6.5 4.35 3.87 4.44 2.6 10 27.99 13.57 18.76 4.22 3.19 0.15 0.36 
Best of 4.64 3.36 3.11 2.73 2.37 8.76 30.04 13.68 23.6 3.58 3.78 0.26 0.09 
Causes 37.98 10.52 6.52 4 3.65 9.74 16.42 5.39 4.92 0.15 0.69 0.01 0.01 
Comedy 27.06 10.7 6.61 5.79 4.65 11.3 21.49 5 5.63 0.93 0.77 0.01 0.07 
Cooking 9.87 6.91 4.32 3.57 2.56 9.6 31.25 10.55 16.57 3.07 1.71 0.01 0 
DIY 3.7 3.04 2.66 3.06 2.24 8.23 30.91 13.19 26.25 3.19 2.57 0.7 0.22 
Education 41.23 10.75 5.49 3.39 2.85 9.62 14.56 4.47 5.57 0.95 0.92 0.15 0.04 
Entertainment 40.02 9.07 6.11 3.86 2.93 7.83 15.66 4.63 6.74 1.27 1.68 0.2 0 
Fashion 20.68 8.47 5.6 5.69 4.2 12.37 23.94 6.8 9.66 1.47 1.12 0 0 
From TV 19.68 5.67 3.37 2.59 2.19 8.86 21.52 9.22 15.61 4.74 5.76 0.62 0.15 
Gaming 3.42 2.45 1.59 1.15 1.09 4.91 19.41 11.12 35.46 11.67 7.26 0.46 0 
Health 38.58 9.87 5.14 3.13 2.62 7.87 14.59 5.76 9.42 1.57 1.45 0.02 0 
How to 3.94 3.79 3.46 2.66 2.49 9.7 33.34 13.5 20.26 3.35 3.2 0.16 0.15 
Lifestyle 27.31 8.61 7.1 6.43 5.24 13.49 21.38 4.92 4.6 0.16 0.57 0.21 0 
News 13.76 3.88 2.58 2.26 1.97 7.89 26.35 8.89 24.59 4.27 3.1 0.17 0.3 
Non-profit 79.27 6.13 1.89 1.71 1.15 2.59 3.58 0.86 2.16 0.45 0.21 0.01 0 
Politics 33.06 9.78 5.04 4.29 3.11 8.65 19.95 7.76 7.47 0.62 0.25 0 0 
Science 14.36 7.31 4.54 3 2.81 8.5 21.18 10.72 19.88 3.76 3.84 0.07 0.02 
Sports 13.49 6.34 5.15 4.08 2.4 11.12 27.58 9.53 15.57 2.76 1.67 0.31 0 
Tech 23.37 9.24 4.55 4.11 2.82 8.27 20.34 8.71 14.48 2.18 1.93 0.01 0 
 
There is a lower percentage of videos receiving less than 100 likes, except for the categories 
Automotive and Non-profit (Table A.9), particularly when compared to the Daily search data (Table 
5.7). A higher proportion of categories have videos with a higher percentage of likes over 4000 than 
the Daily search data (Table 5.7). Searching over a longer period and at Five Day intervals seems to 
have provided a higher proportion of videos with more likes (Table A.9). The categories Best of, DIY 
and Gaming have the highest proportion of videos receiving more than 4000 likes, with Animation, 
Beauty and How-to also demonstrating a higher percentage of videos receiving more than 4000 likes 
(Table A.9). These are all the categories that also received a high percentage of videos with more than 
4000 likes within the Daily search data (Table 5.7). However, as with the Daily searches (Table 5.7), 
there does not seem to by any patterns into which videos the API extracts and if this is related to the 
percentage of likes (Table A.9). There is a chance that the time scales and different periods during 
which the searches were submitted and a possible change in the algorithm has had an impact on the 
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Table A.9. Five Day Searches – Percentage of videos per grouping of likes. High values are green, mid-range 
values are yellow and low values are red. 

































































































































Animation 1.69 2.04 1.67 1.36 1.33 1.23 1.40 1.25 1.08 1.12 1.20 8.65 6.46 4.74 3.04 9.58 5.98 3.49 4.27 3.10 35.34 
Automotive 7.67 30.30 11.57 5.50 4.10 4.05 3.95 3.11 1.36 1.66 1.23 9.84 4.68 1.93 2.48 3.23 1.69 0.40 0.82 0.00 0.42 
Beauty 1.68 0.48 0.52 0.72 0.75 0.76 0.76 0.75 0.75 0.82 0.66 4.57 5.55 4.22 3.43 10.67 6.84 4.70 7.13 4.42 39.84 
Best of 0.61 0.34 0.34 0.23 0.44 0.36 0.26 0.53 0.31 0.44 0.48 3.88 3.36 2.91 2.56 9.71 7.56 4.85 7.71 5.97 47.14 
Causes 3.33 10.16 10.98 7.81 6.33 4.13 3.76 2.75 3.88 2.39 1.81 11.53 5.33 4.07 2.81 7.62 2.29 1.93 2.26 1.57 3.24 
Comedy 0.95 2.16 2.36 2.79 2.29 2.14 2.65 2.32 2.02 1.54 1.83 11.48 7.40 5.88 4.38 13.90 7.12 5.65 5.68 2.27 13.20 
Cooking 3.31 1.58 1.14 2.22 1.69 1.37 1.70 1.68 1.94 1.01 0.80 9.33 4.69 4.67 3.55 10.25 6.00 4.49 5.21 5.28 28.10 
DIY 0.99 0.17 0.30 0.39 0.66 0.59 0.53 0.44 0.43 0.43 0.40 3.81 2.99 2.03 1.70 7.34 4.79 4.34 6.34 4.61 56.73 
Education 6.27 9.28 9.47 7.56 6.67 5.62 3.89 3.39 1.81 2.04 2.27 12.99 4.94 3.30 2.68 7.43 2.54 1.14 0.86 1.07 4.80 
Entertainment 4.59 15.04 7.25 4.89 3.91 3.20 1.71 1.44 1.39 1.11 1.61 8.41 6.17 3.70 3.10 8.51 3.40 2.87 3.98 1.87 11.86 
Fashion 2.03 2.80 2.46 2.07 2.00 1.99 2.03 1.80 1.76 1.60 1.61 10.43 7.49 5.45 4.49 12.20 6.09 4.71 6.49 2.79 17.69 
From TV 6.50 7.31 1.91 2.09 1.46 1.65 1.39 1.74 1.42 1.05 0.69 8.40 4.93 2.79 2.72 9.38 4.63 2.69 4.57 2.39 30.31 
Gaming 0.38 0.19 0.47 0.55 0.54 0.65 0.76 0.57 0.49 0.47 0.55 3.82 3.26 2.63 2.22 7.72 4.70 3.79 4.52 4.94 56.80 
Health 6.11 9.38 9.62 6.95 5.59 4.50 3.22 1.82 1.40 1.88 1.25 9.87 6.43 4.18 3.09 6.42 2.39 1.70 2.36 2.81 9.03 
How to 0.93 0.18 0.22 0.48 0.45 0.35 0.44 0.45 0.35 0.42 0.54 5.64 4.09 4.12 3.48 11.21 8.14 5.87 7.26 5.87 39.52 
Lifestyle 3.39 4.96 4.79 4.74 3.56 3.25 2.74 2.71 2.55 1.92 1.37 13.15 9.43 4.75 3.81 9.00 5.94 3.65 3.85 2.57 7.88 
News 1.68 5.31 3.48 2.13 1.65 1.50 1.26 1.27 0.97 0.72 0.91 8.22 4.54 3.59 3.19 13.84 6.22 4.66 6.93 4.96 22.98 
Non-profit 17.26 48.93 9.65 5.54 4.70 1.65 1.53 0.45 1.23 1.04 0.58 2.97 1.53 0.40 0.64 1.07 0.36 0.00 0.02 0.00 0.47 
Politics 5.61 9.88 7.43 7.46 4.02 3.56 1.94 1.92 1.47 2.00 2.02 11.50 5.27 3.79 3.50 9.71 3.73 3.59 2.32 1.94 7.31 
Science 2.42 1.92 2.38 1.97 2.67 2.20 1.49 2.02 1.32 1.88 1.23 8.68 6.11 4.64 2.58 9.05 5.85 4.38 5.25 4.00 27.94 
Sports 1.42 1.94 1.83 1.97 1.59 1.27 1.27 1.33 1.16 1.30 1.25 9.26 6.46 5.23 4.56 12.67 8.30 5.59 6.56 4.62 20.44 
Tech 2.30 4.36 5.71 5.02 4.83 3.40 3.05 1.88 1.79 1.65 1.45 8.94 4.24 3.74 2.15 7.65 3.36 4.05 5.35 3.91 21.18 
 
Within the data (Table A.10) there is a slightly greater spread of dislikes across the categories when 
this data is compared to the Daily search data (Table 5.8). Non-profit and Automotive both have 
substantially low percentages of dislikes, and Education and Causes are also low, which is similar to 
the Daily search findings (Table 5.8). There continues to be substantial variation across bandings and 
as a result there are no clear patterns in the different percentage bands relating to dislikes (Table 
A.10). The data is clearly demonstrating differences between the different categories but does not 
seem to be to be providing any answers in whether the metrics have any influence over the API in the 
videos it extracts. 
Table A.10. Five Day Searches – Percentage of videos per grouping of dislikes. High values are green, mid-
range values are yellow and low values are red. 
































































































































Animation 5.60 21.79 7.83 5.61 3.88 2.59 2.49 2.17 1.30 1.50 1.43 8.06 5.82 4.32 3.66 8.61 3.94 2.59 2.08 1.89 2.84 
Automotive 43.86 40.54 6.36 3.21 1.37 1.45 0.95 0.45 0.24 0.13 0.15 1.05 0.00 0.23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Beauty 3.47 15.05 10.22 7.32 5.41 4.44 2.93 2.89 2.68 2.54 1.92 11.69 7.01 3.64 3.02 6.56 3.47 1.54 1.00 1.09 2.09 
Best of 2.11 10.69 6.36 5.68 4.15 2.78 3.05 2.43 2.18 1.97 1.78 11.46 7.89 4.30 3.93 10.85 6.15 2.63 3.31 2.03 4.26 
Causes 18.77 44.48 11.67 6.03 3.55 3.02 1.92 1.31 0.64 0.96 0.48 3.48 1.04 0.92 0.33 0.67 0.33 0.03 0.17 0.00 0.20 
Comedy 2.56 18.65 11.82 7.79 5.56 4.32 3.76 3.70 2.81 1.84 1.97 13.23 5.66 4.11 2.30 4.97 1.52 1.25 1.13 0.15 0.91 
Cooking 7.30 20.65 10.58 6.21 5.94 4.08 3.12 3.22 2.57 3.09 2.07 9.92 5.29 2.73 1.73 4.82 2.19 1.54 1.32 0.62 1.00 
DIY 2.41 11.70 7.15 4.98 3.78 3.98 2.75 2.58 2.47 2.37 2.16 15.23 9.99 6.68 5.57 8.71 3.35 1.99 1.39 0.48 0.28 
Education 24.80 48.86 8.29 4.27 1.66 1.69 1.29 0.96 0.80 0.58 0.75 1.78 1.03 0.78 0.61 0.53 0.42 0.13 0.04 0.19 0.53 
Entertainment 21.68 33.31 8.48 4.57 3.26 2.75 2.00 1.91 1.22 1.24 1.45 5.47 2.16 0.93 1.18 2.84 1.90 0.73 1.27 0.51 1.16 
Fashion 8.39 27.03 12.43 7.34 5.84 4.19 3.43 2.01 1.42 1.88 1.17 8.56 4.42 2.52 1.94 3.08 1.90 0.88 0.51 0.17 0.89 
From TV 14.10 20.14 8.08 5.41 3.80 2.98 2.76 2.18 1.83 1.37 1.37 9.15 4.36 2.87 2.23 4.86 2.51 1.35 3.07 1.35 4.25 
Gaming 2.35 11.57 5.83 4.18 3.22 2.26 2.66 1.63 1.85 2.09 1.81 15.89 12.30 7.90 4.66 9.42 3.31 2.17 2.66 0.91 1.32 
Health 25.56 39.77 7.68 4.02 2.10 1.34 1.58 1.33 1.42 0.77 0.92 5.27 2.25 1.52 0.86 2.01 0.77 0.15 0.48 0.00 0.19 
How to 2.09 14.70 10.84 6.62 5.34 4.06 3.29 2.94 2.59 2.31 1.86 11.87 7.03 3.56 2.65 6.95 3.87 1.89 1.65 0.87 3.01 
Lifestyle 14.61 38.86 14.23 6.44 4.71 3.54 1.63 2.06 1.50 0.85 0.60 5.87 1.22 0.47 0.65 1.50 0.63 0.03 0.01 0.00 0.61 
News 4.25 21.97 10.69 5.94 3.65 2.72 2.12 2.15 2.47 1.92 1.86 11.05 5.18 5.11 3.36 7.60 3.85 1.33 1.02 0.35 1.42 
Non-profit 66.17 28.38 2.18 1.13 1.08 0.07 0.03 0.80 0.00 0.00 0.00 0.36 0.32 0.00 0.00 0.20 0.00 0.00 0.00 0.00 0.00 
Politics 19.83 39.70 10.66 5.39 3.60 2.44 2.07 1.78 0.99 0.98 0.70 5.53 2.17 1.21 0.49 2.15 0.12 0.00 0.00 0.00 0.20 
Science 6.92 24.25 11.64 5.67 4.83 2.68 2.80 2.29 1.97 1.16 0.94 9.59 4.60 3.29 2.23 7.56 3.20 2.03 0.97 0.50 0.90 
Sports 4.81 22.73 10.48 5.70 5.03 4.31 3.11 2.67 2.43 2.38 1.46 11.68 5.07 3.16 2.18 6.60 2.29 1.39 0.78 0.33 1.39 
Tech 11.48 34.54 8.90 5.98 3.88 3.42 2.79 2.21 1.44 1.48 0.81 7.86 3.70 2.42 2.48 3.76 1.10 0.64 0.76 0.00 0.34 
 
Comparing the data (Table A.11) with the Daily search findings (Table 5.9), there is a substantial 
difference in what the API has provided in the number of days that the videos that have been posted 
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to YouTube. The Daily Search data (Table 5.9) seems, apart from two categories, to suggest that the 
API extracts very few videos that have uploaded for more than 300 days. Whereas the Five Day Search 
data (Table A.11) shows a much wider spread of videos all the way up to the ‘3001+’ banding. In 
addition the data (Table A.11) shows that there is a substantially higher percentage of days for most 
categories within the ‘501 to 1000’ band, where this was the ‘51 to 100’ banding for the Daily searches 
(Table 5.9). The Daily search data (Table 5.9), apart from 0.01% for Health and Non-profit, had 0% for 
all the other categories within the ‘1 to 10’ banding, but the Five Day data (Table A.11) provides a 
variety of percentages within this banding. As the differences across these two search approaches for 
number of days uploaded is clearly so substantial the way in which the API choses the videos to extract 
must have altered or there must have been a change to the algorithm that YouTube employs.  
Table A.11. Five Day Searches – Percentage of videos per grouping of days. High values are green, mid-range 
values are yellow and low values are red. 











































































































































Animation 12.54 3.58 3.10 2.82 2.34 7.29 8.44 7.70 6.73 4.53 17.50 10.71 6.02 4.03 2.23 0.43 
Automotive 0.93 0.72 0.68 0.68 0.78 4.79 7.92 7.17 7.80 8.98 30.68 17.02 7.55 3.39 0.62 0.30 
Beauty 12.01 2.74 2.14 1.90 1.82 8.02 10.63 9.93 7.22 5.73 19.90 8.34 4.52 2.74 1.75 0.61 
Best of 13.20 1.89 1.86 1.88 1.88 7.65 10.91 9.54 9.37 8.09 25.50 5.93 1.56 0.36 0.14 0.24 
Causes 4.34 1.08 0.75 0.65 0.58 2.94 8.37 6.75 6.06 8.12 26.72 17.57 8.83 4.34 2.77 0.12 
Comedy 9.31 2.83 3.43 3.42 3.58 11.02 11.44 9.97 7.04 6.08 18.10 9.03 3.02 1.03 0.48 0.21 
Cooking 5.70 1.33 1.23 1.22 0.99 5.90 11.47 7.76 7.61 6.79 21.78 15.81 7.36 2.81 2.08 0.15 
DIY 13.09 4.37 4.17 3.89 4.12 14.87 24.04 10.11 5.97 4.37 8.70 1.70 0.50 0.09 0.01 0.00 
Education 5.97 0.70 0.62 0.47 0.36 2.48 3.60 4.37 6.73 6.70 34.49 19.59 6.75 4.66 2.16 0.35 
Entertainment 11.31 3.38 2.43 2.24 1.73 8.30 10.37 8.05 7.61 6.51 19.32 11.92 3.84 1.93 0.96 0.08 
Fashion 12.96 3.38 3.68 2.66 1.90 7.66 13.39 7.87 9.33 7.33 18.18 6.67 3.26 1.04 0.49 0.20 
From TV 10.23 2.80 1.36 1.51 1.34 5.18 9.21 6.49 6.51 5.84 17.91 11.69 6.85 6.27 4.94 1.87 
Gaming 16.15 5.37 4.13 3.76 2.57 12.32 15.00 8.39 8.01 6.30 16.01 1.65 0.30 0.04 0.00 0.00 
Health 8.19 0.94 0.70 0.47 0.46 2.83 6.69 6.12 7.78 7.29 29.81 15.21 7.77 3.91 1.79 0.03 
How to 16.63 4.68 2.97 2.68 1.71 7.71 10.87 8.28 6.45 5.62 19.02 8.90 2.67 1.31 0.44 0.06 
Lifestyle 3.74 1.01 1.00 1.05 1.06 7.66 15.24 11.97 9.08 7.49 22.92 8.93 3.37 3.40 1.98 0.09 
News 28.60 10.19 5.07 3.47 2.70 9.66 14.04 6.01 4.07 3.40 8.43 2.18 0.90 0.62 0.35 0.32 
Non-profit 1.00 0.45 0.59 0.48 0.55 3.32 6.11 7.33 9.29 8.35 28.11 17.26 12.00 4.35 0.76 0.06 
Politics 7.21 1.95 1.62 1.52 1.50 6.61 9.38 6.27 7.79 7.05 24.59 11.61 5.47 4.54 2.62 0.27 
Science 6.06 1.34 1.29 1.12 1.13 5.42 9.43 9.64 8.41 7.32 29.62 12.01 4.67 1.70 0.83 0.00 
Sports 11.21 3.13 2.29 1.76 1.71 7.01 7.55 8.51 7.40 6.96 19.18 9.53 8.30 3.36 1.86 0.24 
Tech 13.45 4.18 3.77 3.54 2.73 11.39 14.65 5.88 6.78 5.58 18.55 5.47 1.85 0.93 1.05 0.20 
 
When the Five Day data (Table A.12) is compared to the Daily findings (Table 5.10) there is a similar 
pattern in the spread of the percentage of videos within each length band across the categories. The 
percentages are slightly lower in the shorter video length bands (approximately 0 to 90 bands) and 
slightly higher in the upper middle bands (241 to 900 bands). Comedy and Best of have a slightly higher 
level of percentages from 3601 onwards (Table A.12), and this is similar for Comedy within the Daily 
search data (Table 5.10). Again, there are couple of ‘spikes’ for From TV (Table A.12) similar to those 
in the Daily data (Table 5.10), but not quite as substantial. Overall there are no discernible patterns to 
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Table A.12. Five Day Searches – Percentage of videos per grouping of length (seconds). High values are green, 
mid-range values are yellow and low values are red. 




























































































































































Animation 0.21 0.72 0.55 0.74 1.09 0.82 2.26 1.62 2.05 7.55 7.55 7.86 8.14 5.92 8.34 6.76 5.75 6.14 3.63 4.49 1.57 3.25 1.79 6.82 4.37 
Automotive 0.00 0.08 0.05 0.34 0.21 0.48 0.88 1.44 1.22 4.67 6.27 6.55 7.49 5.00 10.34 7.82 7.58 10.07 7.05 7.84 3.94 5.65 2.25 2.19 0.56 
Beauty 0.00 0.06 0.02 0.21 0.27 0.41 0.28 1.39 0.79 2.58 4.55 2.88 5.05 5.76 9.82 7.05 4.47 10.67 9.36 11.96 7.09 5.06 5.34 2.56 2.34 
Best of 0.00 0.05 0.03 0.03 0.06 0.19 0.30 0.15 0.07 0.76 1.28 1.57 1.78 2.77 5.05 3.41 3.00 6.86 6.33 8.91 5.56 9.61 8.21 16.60 17.42 
Causes 0.03 0.11 0.69 0.81 0.45 0.96 1.08 1.83 1.32 4.95 7.27 8.82 5.98 5.92 11.73 8.42 5.27 8.13 6.29 7.67 3.09 3.02 2.48 2.69 0.99 
Comedy 0.04 0.10 0.18 0.12 0.04 0.08 0.12 0.12 0.28 0.85 1.77 1.32 1.60 1.37 3.01 3.34 4.03 7.32 8.01 9.67 6.04 11.76 10.90 16.73 11.19 
Cooking 0.04 0.11 0.11 0.17 0.59 0.35 0.53 0.56 0.66 2.17 1.77 2.78 3.85 5.54 12.74 11.30 7.29 15.45 8.75 12.04 4.48 5.37 2.30 0.77 0.25 
DIY 0.05 0.04 0.00 0.04 0.02 0.00 0.16 0.10 0.24 0.96 2.13 3.03 3.66 5.91 11.23 11.03 13.17 21.83 12.27 8.20 3.17 2.30 0.45 0.01 0.00 
Education 0.02 0.01 0.02 0.15 0.11 0.15 0.55 0.62 0.79 1.67 3.76 4.53 4.69 4.56 8.81 6.17 4.31 7.57 7.42 8.76 10.19 7.81 7.57 6.47 3.28 
Entertainment 0.52 0.83 0.43 1.43 1.48 0.92 1.52 1.60 1.53 4.13 4.84 5.32 5.31 6.20 8.69 6.21 4.48 6.96 4.52 5.62 3.93 10.20 8.15 3.26 1.93 
Fashion 0.02 0.03 0.03 0.39 0.17 0.52 0.65 0.55 0.85 3.22 4.12 4.43 3.56 5.03 9.94 7.08 5.71 10.02 10.39 15.64 6.72 5.50 4.14 1.13 0.17 
From TV 0.26 0.28 0.50 4.36 0.99 2.30 4.33 2.06 1.53 4.74 4.96 4.72 5.20 3.67 8.31 5.58 3.96 6.56 5.27 7.23 4.11 9.01 5.54 2.92 1.59 
Gaming 0.01 0.00 0.00 0.13 0.05 0.13 0.14 0.29 0.29 0.28 0.43 1.03 2.05 2.35 7.41 7.50 11.09 12.77 10.47 13.54 6.53 7.29 6.34 7.67 2.19 
Health 0.06 0.03 0.05 0.51 0.24 0.17 0.59 0.51 1.15 3.32 3.79 4.69 5.47 4.56 8.83 6.08 5.47 8.35 7.78 6.23 4.99 9.57 8.59 6.96 2.00 
How to 0.00 0.14 0.38 0.41 0.31 0.49 0.65 0.87 1.72 2.99 3.97 3.45 4.03 4.99 8.88 8.16 7.14 9.47 8.95 11.23 8.11 7.59 3.34 2.03 0.68 
Lifestyle 0.19 0.25 0.11 0.41 0.19 0.05 0.90 0.90 0.77 3.50 4.80 3.64 6.75 5.88 15.33 8.60 5.97 7.92 5.72 8.05 4.29 4.64 5.24 4.21 1.70 
News 0.88 0.06 0.36 0.65 1.18 1.23 2.26 1.57 1.34 3.48 4.27 5.83 4.58 3.68 7.32 8.04 5.45 7.68 8.20 8.79 6.64 9.32 4.24 2.08 0.88 
Non-profit 0.04 0.00 0.13 0.53 0.94 1.05 0.92 1.97 2.31 5.57 8.38 6.96 5.56 5.26 9.28 6.36 3.59 9.33 7.59 5.72 2.34 5.41 5.00 4.15 1.60 
Politics 0.03 0.11 0.00 0.12 0.25 0.25 0.41 0.65 0.70 1.74 2.90 3.50 5.50 4.78 4.74 4.48 3.78 8.48 8.61 7.70 5.05 10.60 8.58 14.05 2.97 
Science 0.03 0.02 0.00 0.12 0.10 0.11 0.33 0.33 0.53 2.41 3.91 4.43 5.16 5.05 7.72 6.26 3.36 6.85 7.46 8.08 4.14 6.13 13.63 8.41 5.42 
Sports 0.03 0.18 0.23 0.38 0.28 0.60 0.94 0.79 1.84 3.42 4.77 4.68 7.23 6.51 10.93 7.21 6.50 11.81 7.93 10.63 2.71 4.12 3.88 1.35 1.02 
Tech 0.01 0.01 0.08 0.04 0.39 0.27 0.80 0.90 0.57 3.38 4.12 4.94 4.97 6.16 8.13 6.01 6.02 9.50 5.84 5.72 2.97 5.25 4.00 7.40 12.52 
 
The data (Table A.13) shows that there is less of a spread of percentages across the bandings when 
compared to Table 5.11 (Daily Searches). Also there are a higher percentage of videos within the 
‘10001 to 100000’ and ‘100001 to 1000000’ view count bands (Table A.13). When compared to the 
Daily data (Table 5.11) the Five Day Searches (Table A.13) seem to provide more videos with a higher 
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Table A.13. Five Day Searches – Percentage of videos per grouping of views. High values are green, mid-range 
values are yellow and low values are red. 










































































Animation 0.1 0.1 0.4 7.7 26.6 33.7 31.5 
Automotive 0.4 0.4 14.8 42.9 32.6 8.5 0.4 
Beauty 0.2 0.1 0.9 5.6 25.8 45.2 22.3 
Best of 0.1 0.0 0.5 4.2 15.1 33.3 46.7 
Causes 1.0 0.3 2.6 29.8 46.2 18.3 1.8 
Comedy 0.0 0.1 0.5 5.7 28.5 47.0 18.2 
Cooking 0.8 0.4 1.1 8.0 33.5 39.2 17.0 
DIY 0.1 0.2 0.8 6.7 23.7 50.6 17.7 
Education 2.2 1.0 3.7 30.4 47.0 13.3 2.5 
Entertainment 2.7 1.4 8.2 23.5 28.5 24.0 11.7 
Fashion 0.8 0.8 2.1 11.3 39.5 34.6 10.7 
From TV 2.5 2.5 4.1 11.1 19.9 29.9 29.8 
Gaming 0.0 0.0 0.3 6.4 23.8 42.0 27.4 
Health 2.2 1.2 5.1 28.4 40.7 17.5 4.9 
How to 0.2 0.0 0.2 4.5 31.8 41.7 21.6 
Lifestyle 0.8 0.4 2.2 24.3 44.7 23.4 4.2 
News 0.0 0.1 1.3 15.0 32.3 34.3 16.9 
Non-profit 0.7 4.9 41.9 38.7 12.2 1.5 0.2 
Politics 1.5 0.9 5.2 31.5 39.6 18.7 2.7 
Science 0.4 0.4 1.3 9.6 34.3 34.5 19.5 
Sports 0.6 0.4 1.3 7.8 26.7 40.9 22.2 









Table A.14. The average number of dislikes, likes, dislikes per view and likes per view for each of the 










Likes per View 
Likes per 
Dislike 
Animation 171 0.00033 4026 0.0078 23.5 
Automotive 2 0.00022 34 0.0038 17 
Beauty 192 0.00053 3703 0.0102 19.3 
Best of 267 0.00028 4969 0.0052 18.6 
Causes 12 0.00058 119 0.0057 9.9 
Comedy 63 0.00031 823 0.0040 13.1 
Cooking 63 0.00027 1405 0.0060 22.3 
DIY 92 0.00053 4834 0.0279 52.5 
Education 15 0.00025 280 0.0047 18.7 
Entertainment 46 0.00028 853 0.0052 18.5 
Fashion 41 0.00033 1054 0.0085 25.7 
From TV 281 0.00025 4128 0.0037 14.7 
Gaming 105 0.00053 3902 0.0197 37.2 
Health 14 0.00031 367 0.0082 26.2 
How-to 221 0.00044 6431 0.0129 29.1 
Lifestyle 28 0.00048 436 0.0074 15.6 
News 79 0.00041 1468 0.0075 18.6 
Non-profit 2 0.00038 47 0.0090 23.5 
Politics 10 0.00038 215 0.0083 21.5 
Science 70 0.00033 1826 0.0086 26.1 
Sport 57 0.00030 1073 0.0057 18.8 
Tech 30 0.00036 817 0.0099 27.2 
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Appendix 12  
Questionnaire data analysed by usage frequency 
Usage frequency – Female 
The following figures show the collected data for the various levels of user for female respondents. 
Respondents accessing videos daily or weekly will be described here as frequent users. It has already 
been demonstrated that 159 female respondents classed themselves as daily users and 218 as weekly 
users (Figure 8.3), therefore, 85% (377/444) of the female sample are frequent YouTube users. The 
information provided by those female respondents who only access YouTube videos yearly will still be 
discussed and some conclusions may be established, but they will not necessarily be an accurate 
representation of YouTube users. 
Education 
A high proportion of respondents 396/444 (89%) across all types of users are educated to Higher 
Education level (Figure A.3). OxIS (Blank et al., 2019) shows that a high proportion of users with higher 
education (95%), further education (92%), and basic qualifications (70%) are internet users, and a third 
(36%) of users with no qualifications use the internet. Given that 42% of UK people aged 21-64 have 
Higher Education qualifications (HESA, 2018), this confirms that the survey respondent sample heavily 
over-represents people with Higher Education qualifications. The data (Figure A.3) also shows that 
338/444 (76%) of the female respondents who are frequent YouTube users are also educated to 
Higher Education level further supporting the credibility of this sample (Blank et al., 2019). 
 
Figure A.3. The education levels of different female user respondents with 95% confidence intervals. 
Accessing YouTube Videos 
The three most popular methods for accessing YouTube videos for the female respondents who are 
frequent users are using the YouTube website, the YouTube App and from following a link or post on 
Facebook (Figure A.4). Although popular with daily female respondent users, 78%, the use of the 
YouTube App substantially reduces through each of the levels of YouTube usage with only 20% of 
yearly users accessing it (Figure A.4). It is possible that frequent users of YouTube, and other online 
resources and platforms, would spend more time using mobile devices and technologies, such as 
smart phones or tablets, and as a result use more Apps to access these resources. Google searches 
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are also a popular method for accessing YouTube videos and is most popular method with yearly users 
(Figure A.4). Yearly users might not be as confident using YouTube and may have more experience and 
confidence in using Google. Yearly users also use hyperlinks within emails more than the other users 
and this could be that they trust the person who has sent it to them and, like with Google, it could be 
that they have more experience and confidence with email. People access online videos using a range 
of methods, including Google, email and social media. However, despite social media being a popular 
platform for accessing videos we can see that Twitter is not a popular method that female 
respondents, across all user levels, use to access YouTube videos and could be due to the word-based 
nature of this social media forum (Figure A.4). This could also be true for following hyperlinks within 
blogs which is also substantially low across all female respondent users. 
 
Figure A.4. How the different female user respondents have accessed YouTube videos with 95% confidence 
intervals. 
The most frequent female users, daily and weekly, within the sample use about 3 to 5 methods to 
access their YouTube videos and have a wider spread of approaches (Figure A.5). As frequent users 
they probably spend more time online and have built up a wider understanding of different ways if 
accessing videos. Less Frequent viewers use slightly less methods, 1 to 3, to access the YouTube videos 
that they want to watch (Figure A.5). Overall the data (Figure A.5) shows that the more frequent that 
the female respondents use YouTube the greater the spread of methods that they use to find and 
access videos. Yearly users use a small number of methods to find and access their YouTube videos 
(Figure A.5). 
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Figure A.5. The number of methods that the different female user respondents use to access YouTube videos 
with 95% confidence intervals. 
Accessing Video within YouTube 
The data (Figure A.6) shows that the most popular method used by all levels of female respondent 
users to access videos within YouTube is the website’s own search facility which, as discussed 
previously, has some issues in the selection of videos provided by this feature. Although the search 
facility is still a popular method of accessing videos for weekly users they still use other methods to 
some extent and are also likely to watch videos that have been recommended or suggested by 
YouTube on the homepage (Figure A.6). Female respondents that are daily users use a much wider 
range of methods for watching videos within the YouTube website (Figure A.6). It is possible that daily 
use of YouTube might have provided them with a greater knowledge, understanding and confidence 
of all the different ways of findings and accessing videos. Daily users access YouTube videos from both 
an entertainment and specific purpose point of view (Figure A.6). As it seems through their use of 
multiple methods within YouTube that they are more prone to ‘impulse watching’ rather than just 
searching for and accessing videos. There is a significant drop in the popularity of using the homepage 
to access videos from daily through each of the user levels (Figure A.6). This suggests that frequent 
users are more prepared to watch videos that are suggested by YouTube based on their viewing 
history and further confirms that daily users might be using YouTube as a general form of 
entertainment. Lack of use of the most viewed and most popular pages further supports the idea that 
the respondents are less influenced by what others are watching when accessing YouTube videos. 
Even though people are influenced by the decisions of others. 
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Figure A.6. The methods the different female user respondents use when accessing videos through the 
YouTube website with 95% confidence intervals. 
Video Categories 
The top six most popular categories for female respondents who are frequent YouTube users are 
Entertainment, Education, Comedy, Beauty, How-to and Animation, with most of these categories also 
being popular with monthly and yearly users as well (Figure A.7). Education will be popular due to the 
convenience sample used within this research and most respondents either working or have worked 
within education. The category of Beauty is less popular with monthly users, and Beauty and 
Animation are unpopular with yearly female users (Figure A.7). Cooking is more popular than Beauty 
for female respondents who use YouTube less frequently. In addition, cooking is quite popular with all 
female respondents across all user levels (Figure A.7). There is a decrease in popularity across most 
categories as we progress down through the user levels from daily to yearly (Figure A.7). This suggests 
that less frequent users have more specific categories that they access and usually have a reason for 
accessing videos, rather than browsing videos or being affected by recommendations and suggestions 
from YouTube (Figure A.6). Overall daily users seem to access a wider range of types of YouTube videos 
and again it is possible that this is due to them using this website as a form of mainstream 
entertainment as well as accessing it to find a video. This also seems to be true for weekly users but 
to a slightly lesser extent. 
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Figure A.7. The categories of video the different female user respondents have watched with 95% 
confidence intervals. 
Influencing Factors 
The title of the video is the most important factor in influencing the decision of the female 
respondents across all user levels to watch a video (Figure A.8). Thus, female respondents want 
information relating the video before they are willing to watch the content. The thumbnail picture of 
the video is also relatively important in the decision to watch a video for the female respondents who 
are daily, weekly and monthly users, but has no relevance for yearly users (Figure A.8). The length of 
the video is also a factor that seems to be relatively important to female respondents across most user 
levels (Figure A.8). The title, thumbnail and length are all metrics that provide information about the 
videos and therefore this seems more important to users. The title and length of a video can be key 
considerations in people choosing to watch online videos. 
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The number of comments and number of dislikes seem to have little influence in terms of the female 
respondents’ decision to watch a video irrespective of user level, further supporting the idea that 
people do not seem to be persuaded by the opinions of others (Figure A.8). There is also a low level 
of influence from the number of likes that a video receives further supporting the notion that the 
respondents are not persuaded what others think of videos. However, people are influenced by the 
opinions and recommendations of others in the online videos that they choose to watch. It also seems 
that female respondents, particularly weekly, monthly and yearly users, are less influenced by the 
number of views a video has received (Figure A.8). This contradicts research that has suggest that 
people are more likely to watch videos that have high levels of views. The female respondents who 
are daily users are more influenced by a wider range of factors in whether they watch a video than 
other levels of user (Figure A.8). YouTube category, number of views and, to a certain extent, the age 
of a video (upload date) seem to be slightly more important and influential to daily users and this 
could be because of greater use and familiarity with the website. The video people are more likely to 
watch are those are new or have been uploaded more recently. 
 
Figure A.8. The factors that always or mostly influence the different female user respondents’ decisions to 
watch a video with 95% confidence intervals. 
Usage frequency – Male 
The following figures show the collected data for the various levels of user for male respondents. 
Respondents accessing videos daily or weekly will again be described as frequent users. 
Education 
Fifty male respondents classed themselves as daily users and 28 as weekly users, therefore, 90% 
(78/87) of the male sample are frequent YouTube users and clearly representative (Figure 8.3). The 
information provided by those male respondents who only access YouTube videos yearly will still be 
discussed and some conclusions may be established, but they will not be an accurate representation 
of this category of YouTube user. 
There is a high proportion of male respondents 79% (69/87) who are frequent users and educated to 
higher education level. Overall 89% of all male respondent users are educated to Higher Education 
level (Figure A.9) supporting the credibility of the sample as internet users based upon the OxIS (Blank 
et al., 2019) and HESA (2018) findings. 
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Figure A.9. The education levels of different male user respondents with 95% confidence intervals. 
Accessing YouTube Videos 
Using the YouTube website, the YouTube App, a hyperlink on Facebook and a Google search are the 
most popular methods for male respondents who are daily and weekly users to access YouTube videos 
(Figure A.10). Male respondents watching YouTube videos daily or weekly are using more methods to 
access their videos with 30 percentage or more across all the specified methods (Figure A.10). 
However, monthly users seem to use multiple methods to access YouTube videos as well. All monthly 
users access their videos through the YouTube website, suggesting that this is predominantly their 
first port of call when looking for videos (Figure A.10). Accessing videos through Facebook is also a 
popular method used by monthly male users. It seems that as less frequent users these respondents 
have more specific and focused ways of accessing YouTube videos (Figure A.10). It might also be that 
these respondents spend less time online and therefore only access limited or favourite websites. This 
could also be the reason that 50% of monthly users choose to use a Google search to find their videos 
(Figure A.10). Hyperlinks within emails seem to be a relatively popular way of accessing videos for all 
male respondents across the different levels of use (Figure A.10). Verbal recommendations and 
Twitter also seem to have some use with frequent male respondent users further demonstrating that 
these two group use a wider spread of methods to access YouTube videos. A third of daily users are 
accessing their YouTube videos through a hyperlink within a blog and this is substantially higher than 
any of the other user levels (Figure A.10). Overall, when these findings are compared to the female 
respondent user data (Figure A.4) there are many similar results. However, the key differences 
between male and female use are: 
 Daily user male respondents have a much higher use of blogs than females 
 Frequent male users are using Twitter more regularly than frequent female users 
 Weekly user male respondents use the YouTube App substantially more than weekly female 
users 
 Monthly male respondent users use YouTube and Facebook more than monthly female users. 
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Figure A.10. The different male user respondents have accessed YouTube videos with 95% confidence 
intervals. 
There is a substantial spread and difference between the number of methods each of the type of male 
respondent users use to access YouTube videos (Figure A.11). When compared to female respondents 
who are frequent users (Figure A.4) it seems that there is a wider spread in the methods used by 
frequent male respondent users (Figure A.11). 
 
Figure A.11. The number of methods that the different male user respondents use to access YouTube videos 
with 95% confidence intervals. 
Accessing Videos within YouTube 
The most popular method used by daily, weekly and monthly male users for accessing videos within 
the YouTube website is through the site’s search facility (Figure A.12). Apart from the YouTube search 
facility all other methods to access videos within the YouTube website appear to be more popular with 
daily male respondent users and then reduce through the different levels if user (Figure A.12). The 
least popular methods for all male users are the most viewed and most popular pages, once again, as 
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discussed previously, suggesting that people are less influenced by what others are watching (Figure 
A.12). The homepage seems to be more popular with male respondents who are frequent users 
(Figure A.12). Frequent users may be more likely to browse YouTube as a form of entertainment and 
be more influenced by recommendations which are based on their interests. This also relates to the 
subscriptions page and recommendations bar which are also relatively popular with male respondents 
who are daily users (Figure A.12). Overall from comparing the respondents’ data (Figures A.6 and A.12) 
there is similarity in the popularity of methods that they use to access videos within YouTube, 
however, the majority of these tend to be slightly higher for the male respondents. 
 
Figure A.12. The methods the different male user respondents use when accessing videos through the 
YouTube website with 95% confidence intervals. 
Types of Video 
The most popular categories of video that male respondents who are frequent users are Comedy, 
Entertainment, Education and Sport (Figure A.13). As discussed previously Education is popular with 
male respondent users due to the makeup of the convenience sample used within this research. 
Gaming, How-to, Science and Tech are particularly more popular with the male respondents who are 
daily users, and Animation is particularly more popular with male respondents who are weekly users 
(Figure A.13). However, from this data it is difficult to determine the reason for these findings and 
further research is needed to establish a reason for this. Beauty, Fashion, Non-profit and Causes are 
the least popular with all male respondents irrespective of their level of YouTube use (Figure A.13). 
Overall frequent male users, daily and weekly, seem to watch videos from a much wider range of 
categories than other male users. It is also clear by comparing the data (Figures A.7 and A.13) that 
although there are some similarities between the popularity of some categories, there are also 
substantial differences between the preferences of male and female respondents. Gender can have 
an impact in what type of videos are watched. 
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Figure A.13. The categories of video the different male user respondents have watched with 95% confidence 
intervals. 
Influencing Factors 
The most influential factors that support male respondents’ decision to watch videos is the title of 
video and the thumbnail picture of video (Figure A.14). The length of the video seems to be more 
influential for weekly users rather than daily users, this suggests that daily users are prepared to watch 
videos of relevance with less concern about the length of the video (Figure A.14). Video title and length 
can be important factors in people choosing to watch online videos. Number of views, likes, dislikes 
and comments seem to have little influence on male respondents deciding to watch videos (Figure 
A.14). The number of views also has a relatively low level of influence over male respondents’ decision 
whether to watch a specific video (Figure A.14).  
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Figure A.14. The factors that always or mostly influence the different male user respondents’ decisions to 
watch a video with 95% confidence intervals. 
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